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Thesis Summary 
 
Throughout history humans have had an increasingly detrimental impact upon the world 
without regard to the environmental consequences.  Pollution in the form of soil contamination 
is one such result and with increasing global population, more people are being affected by it.  
Contaminated site assessment aims to reduce the impact of contaminants upon humans and the 
environment through management of the sources and treatment of the affected soil and 
groundwater.  Inaccuracy of assessment can lead to misclassification of sites, resulting in 
remediation where it is not required, or failing to remediate where it is required.  There are 
many ways in which efficiency of assessment can be improved to avoid misclassification and 
the research presented in this thesis sought to address this.    
Chapter 1 sets the context and significance of contaminated site assessment, describing soil 
contamination and its impact upon humans and the environment, the types of contaminants and 
their pathways with a focus on heavy metals, contamination in urban areas, and current 
methods of contaminated site assessment in Australia. Scientific questions were posed, seeking 
to improve four key components of contaminated site assessment: sampling, detection, 
mapping and monitoring of contaminated sites. 
Sampling was addressed in Chapter 2 where the aim was to determine, using published 
semivariogram parameters, the number of samples to estimate where the mean exceeded the 
set contamination guideline, and a broad idea of the number of samples required for mapping 
a contaminated site.  As part of contaminated site investigation in Australia, samples are 
collected with the mean and 95% upper confidence interval being compared to an investigation 
level, which if exceeded, the site requires further investigation. Certain sample schemes 
increase the amount of bias in the results and so there is potential for contamination to be 
missed.  The second chapter provided evidence of this where the mean values of each study 
distribution did not exceed the guideline values, prompting no further investigation, yet there 
were still proportions of the site exceeding the guideline value.  Simulation of spatial fields 
based on published semivariogram parameters, followed by sampling and classification, 
determined optimal sample size for mapping to be 200 samples, with 500 providing the lowest 
amount of uncertainty. Collection of so many samples at a site may be quite unrealistic in terms 
of time and cost available. A way to allow for more samples to be collected, is through the use 
of spectral analysis as it is able to provide fast results.   
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As part of contaminated site assessment soil samples are collected and sent to a laboratory for 
chemical analyses, which can be time consuming, expensive and hazardous.  Portable x-ray 
fluorescence (pXRF) spectrometry is an example of a proximal sensing developed to detect 
total elemental concentrations, however the accuracy of measurement could be improved. 
Chapter 3 sought to explore the possibility of integrating pXRF with a visible near-infrared 
spectrometer (vis-NIR) which is similar, but uses spectra from a different area of the 
electromagnetic spectrum. Different methods of spectral fusion were explored, testing and 
comparing concatenation of the output spectra, feature selection, regression and model 
averaging.  Modelling results were compared to that of the default output provided by the pXRF 
which is processed using Compton Normalization.  Overall, model averaging of pXRF and vis-
NIR principle components produced more accurate results than the default pXRF output. This 
provided only a marginal increase in accuracy, however the modelling method used (Cubist 
with bootstrapping) has the added benefit of providing prediction intervals and therefore a 
measure of precision.  Samples were measured in the laboratory, however there is great 
potential for adapting the methods for use in the field and allowing for the collection of more 
samples at lower cost.  
To improve the mapping component of contaminated site assessment, Chapter 4 explored the 
use of linear mixed modelling.  This method is able to predict metal concentrations with greater 
accuracy by taking potential influencing factors, such as traffic density and land use, into 
account. Using linear mixed modelling, Chapter 4 sought to determine drivers and distribution 
of heavy metal distribution, using the Sydney estuary catchment in Sydney, Australia, as an 
example.  Potential influencing factors were included in the model to predict each metal (lead 
and zinc) and key drivers determined through backwards elimination of these factors until only 
significant factors remained.  Model fit was very good and key drivers of lead distribution 
included land use, traffic density, population density, elevation and soil landscape.  
Concentrations of lead exceeded the most conservative Australian guideline in portions of the 
area, whereas zinc did not. Prediction intervals indicated areas of concern and the likelihood of 
contamination exceeding the guideline – an additional advantage of linear mixed modelling.  
Once a contaminated site has been remediated, continued monitoring may be required. 
Bicentennial Park, located in Sydney, Australia, is a remediated historic landfill containing 
mixed municipal, domestic and industrial waste. Leachate systems are well established, 
however there was concern for soil erosion and exposure of contaminants throughout the 
parkland. To address these concerns Chapter 5 used bivariate linear mixed modelling to predict 
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arsenic, lead and zinc concentrations in 1990 and 2015.  An advantage of bivariate linear mixed 
modelling is that prediction accuracy is increased by calculation of the covariance between the 
two surveys and implementation into the predictive model.  Provision of the covariance 
function also facilitated the use hypothesis testing to determine the amount of change which 
may have occurred in the 25 years between sampling events.  Overall key drivers of soil heavy 
metal distribution included covariates related to the topography, such as MRRTF, slope, 
elevation and plan curvature, as well as traffic density, distance to roads and land cover change, 
indicating potential atmospheric deposition of contaminants over time. Of the metals tested 
lead was the only to exceed associated Australian contamination guideline, however this was 
in 1990 and these concentrations had significantly decreased by 2015 (P < 0.05); there were 
also some areas in which lead had increased in concentration (P < 0.2). Zinc concentrations 
were high but did not exceed the guideline value and there was no significant change over time, 
whereas arsenic was low but had significantly increased in some portions of the park (P < 0.2).  
The results indicated areas of concern with known precision and will assist management of the 
site.  
The final chapter of this thesis presented conclusions and areas of future work to further 
improve contaminated site assessment. Recommended areas of future work broadly included 
development of a contaminant-specific soil inference engine and model improvement in terms 
of methods and covariates.   
  
  
v 
 
Acknowledgements 
 
 “It's a dangerous business, Frodo, going out your door. You step onto the road, and if you don't 
keep your feet, there's no knowing where you might be swept off to” 
J.R.R. Tolkien - The Fellowship of the Ring 
 
The above quote holds very true to me; if asked exactly four years ago where I expected to be now, I 
would have never thought I would be about to submit my PhD thesis.  Over the past three and a half 
years I have experienced so much and met so many wonderful people along the way.  There are many 
people I would like to thank as they have either helped me formulate and write the thesis, provided 
support or have just made life overall a little more interesting.   
First of all, I would like to thank Tom Bishop who has been a fantastic and supportive supervisor. 
Without his focus, help and support, I would not be submitting my thesis today.  I would also like to 
thank my auxiliary supervisor Budiman Minasny for being there whenever I have needed help.  
Thank you to Alex McBratney – the first person I met at the faculty and the one who gave me the chance 
to undertake this interesting research.  I would also like to thank Gavin Birch who provided me game-
changing data and soil samples which reshaped the final three chapters of my thesis.  In addition to 
Gavin providing me with data, Julie Cattle was also able to provide me with data from her PhD research, 
so I am very grateful to her too.  Also, I would like to thank the Sydney Olympic Park Authority for 
allowing me to conduct the sampling required for my fifth chapter.   
Thankyou Floris van Ogtrop, Bill Pritchard, Di Warren and Samantha Clarke for providing me with 
employment (and Keith for helping me with the contracts!) over the past few years so I could afford 
tea, scarves and beanies.  Speaking of beanies I would also like to thank Simon Leake for providing 
funds for me to attend the SUITMA-9 conference in Moscow. 
To those who have helped me over the years, assisting with field work, lab work, being super with R or 
just being wonderful, thank you Uta, Sharon, Ali, Kanika, Brendan, Jay, Ed, Pat, Niranjan, Yumi, 
Stacey, Sanji, Celia, Vanessa, Mario and Josè (the kings of R), Phil, Kip, Maryam, Mahnaz, Shaike, 
Sabina, Rob, Yumi, Yuxin, Wartini, Paola, Odeh, Damien and Poppy, Balwant, Stephen, Brett, 
Nirmala, Sabastine and Winnie.   
Thank you to my family who have been incredibly supportive and understanding throughout. I would 
especially like to thank my dad who taught me that no matter how hard things can get, there is light at 
the end of the tunnel. There have been hurdles along the way, but knowing this kept me on track and 
brought me to where I am right now.   
Finally I would like to thank my husband Mark.  When I saw the advertisement for this PhD I didn’t 
think I would be able to do it, but Mark saw that I could and encouraged me to apply.  He has always 
supported me and encouraged me to do things I thought I could never achieve and for him I am 
especially grateful. 
  
vi 
 
 
 
 
“If we pollute the air, water and soil that keep us alive and well, and destroy the 
biodiversity that allows natural systems to function, no amount of money will save us” 
 
David Suzuki   
  
vii 
 
Chapters of Thesis published in journals  
(Author attribution statement) 
 
 
  
viii 
 
Associated Posters and conference presentations 
 
Oral presentations 
Johnson, L., Bishop, T., Birch, G., 2016, Drivers and distribution of heavy metals in Sydney, 
Australia, Joint Australia and New Zealand Soil Science Conference – Soil: a balancing act, 
12th – 16th December 2016, Queenstown, New Zealand. 
Johnson, L., 2017, X-ray guns and pretty cool maps, Sydney Institute of Agriculture opening: 
180-second spiel, 27th September 2017, Sydney, Australia. (Awarded third place) 
 
Posters 
Pozza, L., Bishop, T., Minasny, B., 2014, Sample size requirements for assessment of soil 
contamination, Soil Science Australia National Soil Science Conference: Securing Australia's 
soils - for profitable industries and healthy landscapes, 23rd-27th November 2014, Melbourne, 
Australia. (As a presented poster) 
Pozza, L., Bishop, T., Minasny, B., Birch, G., 2015, Lead content in soil before and after 
remediation at the site of the 2000 Olympic Games, University of Sydney Faculty of 
Agriculture Symposium, 14th July 2015, Sydney, Australia.  
Johnson, L., Bishop, T., Birch, G., 2017, Predicting lead and zinc concentrations in soils of an 
urban catchment (Sydney, Australia), SUITMA-9 Congress: Urbanization – a challenge and an 
opportunity for soil functions and ecosystem services, 22nd – 27th May 2017, Moscow, Russia. 
(Awarded poster prize – third place) 
Johnson, L., Bishop, T., Birch, G., 2017, Predicting lead and zinc concentrations in soils of an 
urban catchment (Sydney, Australia), Sydney Institute of Agriculture opening, 27th September 
2017, Sydney, Australia.  
 
  
  
ix 
 
Table of contents 
Thesis Summary ................................................................................................. ii 
Acknowledgements ............................................................................................. v 
Chapters of Thesis published in journals  (Author attribution statement) ........................ vii 
Associated Posters and conference presentations ...................................................... viii 
Table of contents ................................................................................................ ix 
List of figures .................................................................................................. xiii 
List of tables ................................................................................................... xiv 
List of abbreviations ......................................................................................... xvi 
Chapter 1 .......................................................................................................... 1 
1.1 Humans and soil ....................................................................................... 2 
1.2 Soil contamination .................................................................................... 3 
1.2.1 Heavy metals ...................................................................................................... 3 
1.2.2 Fate and impacts of heavy metal contaminants ..................................................... 6 
1.3. Heavy metals and urbanisation ................................................................... 8 
1.4. Contaminated site assessment in Australia .................................................. 10 
1.5. Assessment: key steps and their constraints .................................................. 11 
1.5.1 Sampling ...........................................................................................................11 
1.5.2 Detection ...........................................................................................................13 
1.5.3 Mapping ............................................................................................................14 
1.5.4 Monitoring ........................................................................................................16 
6. Thesis objectives ...................................................................................... 17 
References ................................................................................................. 18 
Chapter 2 ........................................................................................................ 28 
Abstract .................................................................................................... 29 
2.1 Introduction .......................................................................................... 30 
2.2 Methods ............................................................................................... 32 
2.2.1 Database compilation .........................................................................................32 
2.2.2 Mean contamination across a site ........................................................................33 
2.2.2.1 Unbiased variance and sample sizes ........................................................................................ 33 
2.2.2.2 Proportion of contaminated samples .................................................................36 
2.2.3 Sample size for mapping contaminated sites ........................................................36 
2.2.3.1 Simulation, sampling and prediction ...................................................................................... 36 
2.2.3.2 Prediction quality ................................................................................................................. 36 
  
x 
 
2.3. Results ................................................................................................ 37 
2.3.1 Exploratory data analysis and data compilation ...................................................37 
2.3.2 Sample size for mean contamination ...................................................................39 
2.3.3 Sample size for mapping contamination ..............................................................41 
2.4. Discussion ........................................................................................... 45 
2.4.1 Meta - analysis ...................................................................................................45 
2.4.2 Estimating mean contamination across a site .......................................................45 
2.4.3 Mapping contaminant distribution ......................................................................46 
2.5. Conclusions ......................................................................................... 47 
References ................................................................................................. 48 
Chapter 3 ........................................................................................................ 52 
Abstract .................................................................................................... 53 
3.1. Introduction ......................................................................................... 53 
3.2. Materials and Methods ........................................................................... 57 
3.2.1 Soil data.............................................................................................................57 
3.2.2 Spectral analyses ................................................................................................58 
3.2.3 Spectral processing .............................................................................................59 
3.2.4 Model calibration and validation .........................................................................59 
3.2.5 Model averaging ................................................................................................61 
3.2.6 Model comparison and uncertainty .....................................................................62 
3.3. Results ................................................................................................ 62 
3.3.1 Exploratory analysis ...........................................................................................62 
3.3.2 Model performance ............................................................................................63 
3.3.2.1 Direct prediction of whole fraction Pb ..................................................................................... 63 
3.3.2.2 Use of whole fraction spectra to predict finer fraction Pb ............................................................ 64 
3.3.2.3 Spectral modelling vs Compton-normalised pXRF ................................................................... 65 
3.3.3 Assessment of interval estimates..........................................................................66 
3.4. Discussion ........................................................................................... 67 
3.4.1 Integration of vis-NIR and pXRF spectra.............................................................67 
3.4.2 Feature extraction prior to modelling ..................................................................69 
3.4.3 Potential for prediction of fine spectra with whole samples ...................................69 
3.5. Conclusion ........................................................................................... 69 
Acknowledgements ...................................................................................... 70 
References ................................................................................................. 71 
Chapter 4 ........................................................................................................ 78 
  
xi 
 
Abstract .................................................................................................... 79 
4.1 Introduction .......................................................................................... 79 
4.2 Methods ............................................................................................... 82 
4.2.1 Study area ..........................................................................................................82 
4.2.2 Data compilation ...............................................................................................82 
4.2.2.1 Soil data .............................................................................................................................. 82 
4.2.2.2 Covariate data ..................................................................................................................... 83 
4.2.3 Data clean up and preparation ............................................................................85 
4.2.3.1 Soil data clean up ................................................................................................................. 85 
4.2.3.2 Predictor transformation and elimination ............................................................................... 85 
4.2.4 Modelling Pb and Zn ..........................................................................................86 
4.2.5 Model validation ................................................................................................87 
4.2.6 Mapping Pb and Zn content in topsoils of Sydney estuary catchment ....................88 
4.2.7 Mapping uncertainty ..........................................................................................88 
4.3 Results ................................................................................................. 89 
4.3.1 Exploratory data analysis ....................................................................................89 
4.3.2 Model calibration ...............................................................................................91 
4.3.3 Model validation ................................................................................................95 
4.3.4 Areas for further investigation .............................................................................97 
4.4 Discussion ........................................................................................... 101 
4.4.1 Drivers of Pb and Zn distribution in the Sydney estuary catchment ..................... 101 
4.4.2 Predicted distribution of Pb and Zn ................................................................... 102 
4.4.3. Model validation and uncertainty ..................................................................... 103 
4.5 Conclusions ......................................................................................... 104 
Acknowledgements ..................................................................................... 104 
References ................................................................................................ 105 
Chapter 5: ...................................................................................................... 112 
Abstract ................................................................................................... 113 
5.1 Introduction ......................................................................................... 114 
5.2 Materials and Methods ........................................................................... 117 
5.2.1 Study Area ....................................................................................................... 117 
5.2.2 Soil sampling and lab analyses .......................................................................... 117 
5.2.2.1 Data from year 1990 ........................................................................................................... 117 
5.2.2.2 Data from year 2015 ........................................................................................................... 117 
5.2.3 Predictor variables ............................................................................................ 118 
5.2.4 Modelling and validation .................................................................................. 121 
  
xii 
 
5.2.5 Model validation .............................................................................................. 122 
5.2.6 Mapping heavy metal concentrations in 1990 and 2015 ...................................... 122 
5.2.7 Change in heavy metal concentrations............................................................... 122 
5.3 Results ................................................................................................ 123 
5.3.1 Exploratory data analysis .................................................................................. 123 
5.3.2 Modelling results .............................................................................................. 126 
5.4 Discussion ........................................................................................... 134 
5.4.1 Heavy metal distribution in Bicentennial Park ................................................... 134 
5.4.2 Drivers of heavy metal distribution in Bicentennial Park .................................... 135 
5.4.3 Bivariate Linear Mixed Modelling of heavy metals ............................................ 136 
5.4.4 Benefits, potential and future use ....................................................................... 137 
5.5. Conclusions ........................................................................................ 137 
Acknowledgements ..................................................................................... 138 
References ................................................................................................ 139 
Chapter 6 ....................................................................................................... 144 
6.1 Key findings ......................................................................................... 145 
6.2 Suggestions for future work ..................................................................... 148 
6.2.1 Development of an on-the-go inference engine ................................................... 148 
6.2.2 Further modelling development ........................................................................ 149 
References ................................................................................................ 151 
 
  
  
xiii 
 
List of figures 
Figure 1.1. An example of an anthroposol, information source: Abakumov et al. (2017). .......... 9 
Figure 1.2. Example of a semivariogram of lead indicating the greater the distance, the less similar 
two points are to each other. ..................................................................................................15 
Figure 2.1. Classification guide for predictions (adapted from Johnson et al. (2017)). ...............37 
Figure 2.2. Comparison between classification and sample size for each subset Pb study. .........43 
Figure 3.2. Statistical modelling methods used to predict whole Pb and fine fraction Pb 
concentrations. The term ‘Spectra’ refers to spectra that have been processed, but not feature-
extracted (e.g. via PCA). ........................................................................................................60 
Figure 3.3. Predicted vs observed plots for best spectral fusion method (model averaging) (Figs. 
3.3a and 3.3c) and Compton-normalised Pb concentrations (Figs. 3.3b and 3.3d) for whole (first 
row) and fine soil fractions (second row). ...............................................................................66 
Figure 3.4. Prediction interval coverage probabilities for each calculated confidence interval for 
whole (3.4a) and fine fraction (3.4b). ......................................................................................67 
Figure 4.1. Soil sample locations; each colour identifies the original study. .............................83 
Figure 4.2. Decision tree to determine whether site is clean, contaminated or requires further 
investigation. ........................................................................................................................89 
Figure 4.3. Validation results for Pb (top row) and Zn (bottom row), for methods LOOCV (3a and 
3c) and independent validation (3b and 3d). ...........................................................................96 
Figure 4.4. Map of Pb (4a.) and Zn (4b.) distribution in Sydney predicted using EBLUP. ........98 
Figure 4.5. Predicted likelihood of Pb (5a) and Zn (5b) exceeding guideline values. Note the 
absence of areas classed as 'contaminated', there were only sites classified as 'uncontaminated' or 
‘possibly contaminated’ (requiring further investigation). ...................................................... 100 
Figure 5.1. Sample locations throughout Bicentennial Park from the years 1990 and 2015, with 
roads, lake and waterways marked. ...................................................................................... 118 
Figure 5.2. Aerial (left) and aerial imagery (right) for the years 1990 and 2015 with study area 
outlined. ............................................................................................................................. 120 
Figure 5.3. Final maps produced by BLMM showing concentrations for 1990 (left column) and 
2015 (right column).  First row presents output for As (Figs 5.3a and b), second row is Pb (Figs. 
5.3c and d) and the last row shows output for Zn (Figs 5.3e and f). ........................................ 130 
Figure 5.4. Calculated change between 1990 and 2015 BLMM predictions for each metal and 
mapped z-statistic for each grid point.  First row represents change in As (Figs. 5.4a and b), Pb 
(Figs. 5.4c and d), and Zn (Figs. 5.4e and f).  Values on the z-statistic plot scale correspond to 
significance at P = 0.01, 0.05, 0.1 and 0.2 (Table 5.9); discoloured areas represent non-significant 
z-values. ............................................................................................................................. 133 
  
xiv 
 
List of tables 
Table 1.1. Summary of a range of heavy metal sources with examples of related studies. .......... 5 
Table 2.1. Summary of sampling designs for each chosen study. .............................................35 
Table 2.2. Summary of parameters from each compiled study for each metal. Mean is as provided 
in original study, transform describes the type of (if any) transformation used by original study.38 
Table 2.3. Sample size, mean and transformation described in the original studies, the associated 
NEPC (1999) HILs, calculated unbiased variance, predicted sample size requirement for 
estimating the mean and proportion of each site exceeding the established HILs. .....................40 
Table 2.4. Grid specifications for simulations of Pb. ...............................................................42 
Table 2.5. Pearson correlations between original features of subset studies (variogram parameters, 
mean, area) and the simulation classifications. Areas highlighted in bold type indicate stronger 
correlations. ..........................................................................................................................44 
Table 3.1. Summary statistics for Pb (mg kg -1) derived from whole and fine fractions using ICP-
OES. ....................................................................................................................................63 
Table 3.2. Point estimate prediction quality for whole-fraction samples. ..................................63 
Table 3.3. Point estimate prediction quality for fine-fraction samples. .....................................65 
Table 4.1. Summary of soil data sources. ...............................................................................82 
Table 4.2. Summary of covariates available for model development. .......................................84 
Table 4.3. Summary statistics of calibration and validation datasets (raw and log-transformed), 
guideline value and the number of sites exceeding the guideline value......................................90 
Table 4.4. Correlation matrix between numerical predictors (i.e. covariates) and log-transformed 
response variables*. ...............................................................................................................90 
Table 4.5. Number of sites in calibration and validation datasets that exceed the guideline value 
for Pb grouped by land use class and the total number of sites located within each land use class.
 ............................................................................................................................................91 
Table 4.6. Standardised regression coefficients obtained using REML. ....................................93 
Table 4.7. Semivariogram parameters for models fitted using REML. .....................................94 
Table 5.1. Summary of predictors derived and implemented into models. ............................. 119 
Table 5.2. Summary statistics for Pb, Zn and As in 1990 and 2015. ....................................... 124 
Table 5.3. Change in metal concentrations between 1990 and 2015. ...................................... 124 
Table 5.4. Correlation matrix between numerical predictors and log-transformed response 
variables for each time point*............................................................................................... 125 
Table 5.5. Pearson correlations between each tested (log-transformed) metal for each year*. .. 126 
Table 5.6. Standardised regression coefficients obtained using BLMM for each year and metal.
 .......................................................................................................................................... 127 
  
xv 
 
Table 5.7. Random effect coefficients for each model (i.e. variogram parameters), including the 
calculated proportion of nugget variation (c0/(c0+c1)). Subscript 1 refers to parameters associated 
with 1990 (time 1), subscript 2 refers to parameters associated with 2015 (time 2). .................. 128 
Table 5.8. Validation statistics (LCCC, mean and median SSPE, bias and RMSE) for each metal.
 .......................................................................................................................................... 129 
Table 5.9. P-values for a two-tailed z-test, with associated threshold values and percent area of Pb 
and As exceeding the threshold (note: Zn has been excluded as the calculated z-statistic did not 
exceed any threshold). ......................................................................................................... 132 
 
  
  
xvi 
 
List of abbreviations 
 
 
AIC Akaike Information Criterion  
Al Aluminium 
As Arsenic 
BLMM Bivariate Linear Mixed Model 
CBD Central Business District 
Cd Cadmium 
CI Confidence Interval 
DEM Digital Elevation Model 
EBLUP Empirical Best Linear Unbiased Predictor  
Fe Iron 
GRA Granger-Ramanathan Model Averaging 
HIL Health Investigation Level 
ICP-OES Inductively Coupled Plasma Optical Emission Spectrometry 
LCCC Lin’s Concordance Correlation Coefficient 
LiDAR Light Detection and Ranging 
LMM Linear Mixed Model 
LOOCV Leave-one-out cross-validation  
MRRTF Multi-resolution Ridge Top Flatness 
MRVBF Multi-resolution Valley Bottom Flatness index 
NEPC National Environment Protection Council 
Pb Lead 
PC Principle Components 
PCA Principle Component Analysis 
PI Prediction Interval 
pXRF Portable x-ray fluorescence spectrometer 
REML Residual Maximum Likelihood 
RMSE root-mean-square error  
RPIQ Ration of Performance to inter-quartile range 
SSPE squared standardised prediction error  
TWI Topographic Wetness Index 
vis-NIR Visible near-infrared spectrometer 
Zn Zinc 
  
1 
 
Chapter 1 
 
General introduction 
  
Chapter 1: General introduction 
 
2 
 
1.1 Humans and soil 
Soil has always been an important resource that is essential for supporting life on Earth.  
Around the world, people are beginning to understand the link between soil health and its 
ability to support the needs of a rapidly increasing population, due to issues such as food and 
water security, energy requirements and ecosystem services (Doran, 2002; Koch et al., 2013).  
These factors are essential for sustaining the human population, especially ecosystem services 
provided by the soil and its interaction with environmental cycles (Daily et al., 2012).  
Therefore, for the human population to prevail, this valuable resource needs to be maintained 
and managed properly.  
Over the millennia of human presence on Earth, these inherent capabilities of soil have 
arguably been undervalued.  This value has instead been placed upon direct economic 
advantage provided by soil and geological features, such as arable land for agriculture, building 
materials and metals required for tools and aesthetic value (Hooke, 2000).  By seeking this 
wealth humans have seen soil as a resource to be taken advantage of, often without paying 
attention to how this may impact upon health and resilience of the soil, and its capabilities in 
later years (Daily et al., 2012; Doran, 2002; Lal, 2001).   
Since the industrial revolution adverse effects upon soil health and resiliency have notably 
increased (Markus and McBratney, 1996), mainly a result of waste products stemming from 
intensive mining, heavy industry, and technological development.  These waste products may 
contain hazardous substances and accumulate in the environment.  Environmental systems may 
be able to cope or correct the disturbance if there are low amounts of these substances present.  
If there are excessive amounts of the substance present, the system may be unable to cope or 
recover, leading to collapse (Rapport et al., 1985; Wilson and Maliszewska-Kordybach, 2012).   
There are many locations around the world which are heavily polluted due to human activity 
(Blacksmith Institute and Green Cross, 2013).  When these substances are added to the soil as 
a result of human activity and the concentrations exceed background levels, the soil is classed 
as ‘contaminated’ (NEPC, 1999).  Soil contamination is a global issue, especially as population 
density is increasing in cities which may have a history of contaminant input into the 
environment, or emerging sources of contamination.  It is imperative that contaminant input is 
mitigated and the accumulation of contaminants is managed to avoid exposure to humans and 
the environment. 
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1.2 Soil contamination 
Soils often contain lower, or background, levels of contaminants occurring as a result of 
geological processes such as tectonic activity, and geological weathering (Alloway, 2013; 
Hamon et al., 2004).  Organisms living within and on the soil may have adapted to these levels 
and so when the background level is exceeded, the environmental system suffers. Humans 
living on or near the area are may also be adversely affected by the exceedance, however the 
degree depends upon type, concentration and method of exposure to contaminants.  
There are a variety of contaminants and each type may travel differently through the 
environmental system.  For example, heavy metals often remain in the soil for extended periods 
of time, whereas organics such as dioxins move through the system more readily and can be 
transported through the soil profile into groundwater (Arias-Estévez et al., 2008).  Other types 
of contaminants include, but are not restricted to, inorganics (e.g. Cyanide), polycyclic 
aromatic hydrocarbons (PAHs, e.g. Benzene, Toluene, Creosote), phenols (e.g. Phenol, 
Bisphenol-A), pesticides (e.g. DDT, Toxaphene, Aldrin), herbicides (e.g. 2,4,5-T – used in 
manufacturing of Agent Orange) and radionuclides.  
Once deposited on the soil, contaminants often remain on the soil surface, but more reactive 
contaminants may adsorb to soil particles or travel through the soil profile, eventually seeping 
into groundwater (Kjeldsen et al., 1998; Pitt et al., 1999). There is potential for contaminants 
to become airborne, or be collected by stormwater runoff, transported into waterways and from 
there has the potential to remain in the water column, accumulate in sediments or be taken up 
by aquatic plants and organisms (Birch and Taylor, 2002; Jartun et al., 2008).  
Airborne particles or contaminant vapours are more likely to be ingested or inhaled by humans 
and other organisms (Taylor et al., 2010). Humans may also come into contact with soil 
contaminants through direct (dermal) contact, and/or ingestion of animals or plants containing 
elevated concentrations of the contaminants (Abrahams, 2002).   
 
1.2.1 Heavy metals 
The primary focus of this thesis is upon assessment of heavy metals, which are among the 
better known contaminants and are globally prevalent.  Use of the term ‘heavy metals’ in 
literature is argued among researchers, as mentioned in Alloway (2013) and discussed in 
Duffus (2002).  Similar to the work by Alloway (2013), throughout this work the term ‘heavy 
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metals’ will encompass the following metals and metalloids (unless otherwise specified):  
arsenic (As), cadmium (Cd), chromium (Cr), cobalt (Co), copper (Cu), mercury (Hg), lead (Pb), 
manganese (Mn), nickel (Ni), selenium (Se) and zinc (Zn).    
There are a variety of sources of heavy metals; Table 1.1 is a small summary with examples of 
literature addressing these sources. Due to a correlation which exists among the heavy metal 
elements, it is more likely to find multiple elemental species at a site (Lu et al., 2003).  In most 
cases each of the listed studies have found a range of heavy metals present in soil.  Majority of 
sources are mining and industrial processes, however there are some sources related to 
technology, construction, waste and transport.  
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Table 1.1. Summary of a range of heavy metal sources with examples of related studies.  
Source Related literature 
Mining – including smelting and tailings Cartwright et al. (1977) 
Csavina et al. (2014) 
Yang and Cattle (2015) 
Gas works & oil drilling Thavamani et al. (2011) 
Carls et al. (1995) 
Energy- Burning of coal Mandal and Sengupta (2006) 
Kapička et al. (1999) 
Electroplating Liu et al. (2011) 
Explosives and munitions industry Rouillon et al. (2013) 
Darling and Thomas (2003) 
Tanneries Möller et al. (2005) 
Srinivasa Gowd and Govil (2008) 
Chemical manufacturing Romic and Romic (2003) 
Gao and Xia (2011) 
Fertilisers & pesticides Gimeno-García et al. (1996) 
Nicholson et al. (2003) 
Lead in house paint Laidlaw and Taylor (2011) 
Snowdon and Birch (2004) 
Ceramics Srinivasa Gowd and Govil (2008) 
Wood preservatives Buchireddy et al. (2009) 
Stilwell and Gorny (1997) 
Municipal waste (leachate and incineration) Hasselriis and Licata (1996) 
Mor et al. (2006) 
Electronics & E-waste recycling Leung et al. (2008) 
Fu et al. (2008) 
Luo et al. (2011) 
Sewage sludge and biosolids Rattan et al. (2005) 
Xiong et al. (2001) 
Railway yards Snowdon and Birch (2004) 
Malawska and Wiołkomirski (2001) 
Akoto et al. (2008) 
Automotive and vehicle emissions Birch et al. (2011) 
Luo et al. (2015) 
Sun et al. (2010) 
Environmental disasters Burgos et al. (2006) 
Kemper and Sommer (2002) 
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Heavy metals stemming from these sources are often deposited onto the soil surface through 
atmospheric deposition, direct contact (as seen on waste deposits and mine tailing sites), 
stormwater, and aquatic transport (most notably for tannery wastewater).  
The likelihood of the contaminants becoming mobile or bioavailable is dependent on a range 
of chemical and physical factors.  These factors may vary over time as they may be influenced 
by soil disturbance and degradation stemming from weathering, building and construction 
activities.   Chemical factors relate to contaminant interactions with soil properties such as pH, 
cation exchange capacity, organic matter and minerals (Berkowitz et al., 2014; Bradl, 2004; de 
Matos et al., 2001).  Soil physical properties such as soil moisture content, texture and 
permeability have the potential to change chemical interactions between soil and heavy metals, 
which can in turn alter bioavailability and mobility (Ernst, 1996; Hazelton and Murphy, 2011).  
For example, in addition to clays chemically adsorbing heavy metals, heavy clays are less 
permeable and can retain contaminants whereas sandy soil increases chance of contaminants 
passing through to groundwater (Hazelton and Murphy, 2011).   
 
1.2.2 Fate and impacts of heavy metal contaminants 
If mobile and bioavailable the contaminant is able to move through the environment more 
easily. It may be dispersed by wind or carried by stormwater runoff into other areas and 
eventually into aquatic environments (Birch et al., 2015; Jartun et al., 2008).  There the heavy 
metals may settle in the sediment, remain in the water column, or be ingested/taken up by 
aquatic organisms and plants.  
Plants are able to metabolise heavy metals, especially those required for growth such as zinc 
and copper, however excess concentrations of these and other non-essential metals can affect 
growth and development of the plant (Kumar and Aery, 2016). Different plants have different 
thresholds and some are able to accumulate contaminants in large amounts. Plants with the 
ability to accumulate contaminants are commonly used to clean up contaminated sites through 
phytoremediation (Kachenko et al., 2007; Terry et al., 2003). 
Once plants containing heavy metals are ingested, the metals continue up the trophic levels, 
magnifying to excessive concentrations (Amundsen et al., 1997).  Organisms at the top of these 
affected trophic levels are most often humans.  Ingestion of plants which have accumulated 
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heavy metals, or by eating other affected organisms, such as fish, increases risk of adverse 
health effects (Kachenko and Singh, 2006; Wang and Rainbow, 2008).    
Aside from indirect exposure through ingestion of contaminated foods, heavy metals may also 
be ingested via contaminated water or contaminated soil. As children are most likely to ingest 
soil, and due to their size, they are more likely to be affected by ingestion of contaminated soil 
compared to adults (Laidlaw and Taylor, 2011).  Other exposure pathways include inhalation, 
where the metals can be absorbed by lung and tracheal tissue (Kampa and Castanas, 2008), and 
dermal absorption which involves contaminants entering the body via skin (dermal) contact 
(Hosford, 2009). 
Some metals, such as cadmium, zinc and copper are required for growth and metabolism as 
trace elements, however accumulation of these or non-essential elements (i.e. lead, arsenic) can 
be detrimental to human and biotic health (Smith and Huyck, 1999).  If in small amounts the 
body is usually able to excrete the metals over a period of time (Hosford, 2009).  If absorbed, 
heavy metals are able to accumulate and cause cell damage, with continuous exposure over 
time potentially leading to cancer, organ failure and eventual death (Kampa and Castanas, 
2008; Senesil et al., 1999).  
Heavy metals may cause damage to different organs and systems depending on the type and 
dose.  For example in humans, lead, mercury and arsenic have substantial effects upon the 
nervous system, affecting memory, sleep, causing mood disorders and learning disorders in 
children (Kampa and Castanas, 2008; Needleman et al., 1990; Taylor et al., 2011).  Arsenic 
accumulates predominantly in the liver, gastrointestinal tract, heart, lungs and kidneys 
(Ratnaike, 2003).  Similarly, exposure to cadmium may result in renal, as well as skeletal 
damage if exposed over a long period of time (Järup, 2003).   
Lead is of particular focus in contamination research as it is a common issue in urban areas and 
mining towns (Johnson et al., 2017; Laidlaw and Taylor, 2011; Laidlaw et al., 2012; Taylor et 
al., 2010; Yang and Cattle, 2015).  Due to its ability to pass into the blood, lead is also a known 
teratogen -  able to alter embryonic and foetal development, resulting in birth defects (Smith 
and Huyck, 1999).  
In addition to their size, children are most vulnerable to lead toxicity due to the blood-brain 
barrier not yet being fully developed, facilitating impact of lower lead concentrations upon the 
circulatory system, brain and nervous system (Mudgal et al., 2010).  Entry of contaminants into 
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the brain can result in behavioural issues and studies have found an association between crime 
rates in areas where children have grown up with elevated blood lead concentrations (Mielke 
and Zahran, 2012; Nevin, 2007).   
 
1.3. Heavy metals and urbanisation  
The global population is ever increasing and as of 2016 reached 7.4 billion people (The World 
Bank Group, 2016).  Population in urban areas is increasing at a rapid pace compared to that 
of rural areas, especially as more people are migrating from rural areas (Montgomery, 2008). 
Cities accommodate for this increase by building upwards via apartment blocks, as well as 
outwards- sprawling over land previously unused, or used for agriculture at some stage 
(Hazelton and Murphy, 2011).   
The soil profile is disturbed as a result of major redevelopment and land use change occurring 
in urban areas; this disturbance can be caused by digging, infilling, or soil movement (Isbell 
and National Committee on Soil and Terrain, 2016).  Soils resulting from this change and 
anthropogenic inputs are known as ‘Anthroposols’ in Australia (Isbell et al., 1997), and 
internationally referred to as ‘Technosols’ (IUSS Working Group WRB, 2015).   
There are different subclasses of Anthroposols, but a common factor between them is that they 
possess a spatially heterogeneous structure, resulting in inconsistent chemical and physical 
properties (De Kimpe and Morel, 2000); an example is shown in Figure 1.1.  The 
heterogeneous nature of Anthroposols means it may be harder to predict soil physicochemical 
properties and subsequently contaminant mobility and bioavailability.   
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Figure 1.1. An example of an anthroposol, information source: Abakumov et al. (2017).  
 
Aside from industrial sites, exposure to contaminants in urban areas may be encountered in 
urban agriculture and horticulture, building construction, urban greenspaces and even 
children’s playgrounds (Reis et al., 2014).  With this heightened use, there is more chance of 
humans coming into contact with soil contaminants. The only way to reduce this risk is by 
reducing the hazard (Taylor et al., 2011), either by controlling the source or remediating 
affected land.  
Human and environmental exposure to contamination can be controlled a number of ways, 
including treatment (e.g. chemical or thermal), on-site containment (e.g. as a controlled 
landfill),  off-site disposal, natural recovery or attenuation (e.g. phytoremediation), or by 
controlling access to the affected site to reduce risk of human exposure (US EPA, 2017).  These 
methods are chosen depending on the type and chemical form of contaminant found, the 
concentration, spatial distribution (horizontal and vertical), potential pathways, the intended 
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land use and the overall cost (NEPC, 1999; Wuana and Okieimen, 2011).  The above factors 
are all determined in immense detail during contaminated site assessment.  
 
1.4. Contaminated site assessment in Australia 
Contaminated site assessment is conducted with the aim of assessing risk of contaminants 
impacting upon human and environmental health (DEFRA, 2012). With this information it is 
then possible to conduct remediation of soil and groundwater, effectively eliminating risk to 
prevent further harm.  The assessment process varies globally, but follows similar principles to 
spatially delineate the contaminant distribution (Ferguson, 1999).   
Australian assessors follow guidelines known as the National Environment Protection 
(Assessment of site contamination) Measure (NEPM), which was established and reviewed by 
the National Environment Protection Council.  The NEPM, herein referred to as the NEPC 
(1999) guidelines consists of multiple volumes which provide guidelines to conduct each stage 
of the assessment process and determine if there is requirement for remediation of the site.  
The overall investigation is based on calculating risk of contaminant exposure upon humans, 
other organisms and environmental systems. The initial stage is focussed on utilising 
information of prior land use and activities, as well as soil and topographic features to 
determine the likely contaminants present, the likely pathways and those who may be affected 
as a result (DEFRA, 2012; Heemsbergen et al., 2008).  This information aids the formulation 
of a conceptual model for the site which is continuously built upon during the investigative 
process (Hers et al., 2016). 
In Australia, soil samples are also taken and analysed in the initial investigation to characterise 
the soil properties and contaminants present, adding to the conceptual site model (NEPC, 
1999). To determine if further investigation is needed, contaminant concentrations are 
compared with set Health Investigation Levels (HILs) outlined in the NEPC (1999) guidelines.  
If the 95% upper confidence interval of the mean value exceeds any of these levels, or if a 
single sample exceeds the HIL by 250%, site-specific assessment needs to be conducted to 
obtain a more in-depth understanding of the site (NEPC, 1999; NSW EPA, 1995).  
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The 95% Confidence Interval (CI) is calculated as follows; 
n
s
tyCI crit 
025.0%95         (1)  
where ?̅? denotes the mean value, tcrit is the critical value at P = 0.025 for a two-tailed hypothesis 
test, n is the sample size of a normal distribution, and s is the standard deviation (thus n
s
  forms 
the standard error of the mean).  Both the tcrit and standard error of the mean decrease with 
increasing sample size, therefore reducing the width of the confidence interval.  A narrower 
confidence interval indicates that we know the mean more precisely and, in terms of 
contaminated site delineation, there is less chance of erroneous conclusions and 
misclassification (Rouillon et al., 2017).  This being said, the confidence interval relates to the 
distribution of the mean, but the distribution of the contamination may be wider as a result of 
potential hotspots or point-source contamination. Misclassification of such areas can result in 
further harm to humans and the environment.  These issues need to be taken into consideration 
when developing the conceptual site model and decisions upon whether to progress to the next 
tier of investigation. 
The second tier of investigation includes soil assessment, toxicity assessment and exposure 
assessment (NEPC, 1999).  For soil analysis, site-specific ecological investigation levels are 
calculated based upon cation exchange capacity, pH, organic matter content, iron content and 
soil texture (Heemsbergen et al., 2008).  If the site contains areas in which the site-specific 
ecological investigation levels are exceeded, and toxicity and exposure assessment show a high 
amount of risk, then a remediation plan needs to be devised based upon the findings and 
conceptual site model.  
 
1.5. Assessment: key steps and their constraints  
1.5.1 Sampling 
During the preliminary investigation a limited number of samples may be taken to help identify 
risk, however in other countries samples are not collected until the subsequent detailed site 
investigation (Ferguson, 1999; Hers et al., 2016; VROM, 2000).  After determining (via 
preliminary investigation) which contaminants may be present and the likely locations, detailed 
site investigation is used to determine the extent of contamination and the associated risks; the 
first key step of which, is sampling. 
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Sample design is determined by the site assessor based on information derived from the site 
and conceptual model (NEPC, 1999).   Sampling schemes are selected considering limitations 
on time and cost, and are either purposive (judgemental) or probability-based (US EPA, 2002).   
Purposive sampling is where the assessor decides sample point locations based on information 
provided in the initial investigation and conceptual model (US EPA, 2002).   This sampling 
scheme may be useful to provide a representative layout of contaminant extent, however some 
locations may be missed, or results may be biased (De Gruijter et al., 2006).  Confidence 
intervals are being used to determine whether further action is required and if sampling is 
biased, the confidence intervals are inaccurate, producing incorrect conclusions.  Probabilistic 
sampling is randomised, so there is less bias associated with the results and can provide more 
reliable statistical analysis.  Probabilistic sampling schemes, such as stratified and simple 
random sampling, can be used for statistical inference and inform management decisions with 
greater accuracy (NEPC, 1999; US EPA, 2002).    
Although sampling may be randomised and quality controlled, error may arise from insufficient 
sampling, or by failing to sample in areas of higher contaminant concentration – known as 
‘hotspots’ (Tiller, 1992).  Missing areas of elevated contaminant concentrations may lead to 
the site being classed as ‘not requiring further investigation’ in the preliminary stage, or 
affecting the final remediation plan if missed in the detailed investigation stage.  Remediation 
of uncontaminated area, or failing to remediate where contamination is present, is known as 
misclassification (Cattle et al., 2002).  
Insufficient samples may be taken as a result of time and monetary constraints, or areas may 
simply be missed due to an error in judgement stemming from ad hoc decisions.  The NEPC 
(1999) guidelines do provide suggestions for sampling at sites but recommend overall sample 
size be decided by the assessor based upon the conceptual model.  The more samples collected 
at a site, the lower the error, which is quite an ambiguous statement and so leads to the 
following key questions: 
1. Is there a general “rule of thumb” to determine sample size requirements which would 
provide:  
a) A more representative estimation of whether the mean exceeds the HIL at a site? 
b) A more representative map of the site to aid remediation planning? 
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Addressing the first question would be highly useful for preliminary investigations, however 
for detailed investigation a slightly different approach needs to be taken, hence question 1b).   
 
1.5.2 Detection 
In addition to sampling, there is also potential for misclassification resulting from methods of 
measurement used and associated sample size limitations. For preliminary investigation NEPC 
(1999) acknowledges there are numerous possible onsite methods of detection including use of 
portable X-ray fluorescence (pXRF), however for detailed investigation the use of lab 
analytical methods are recommended.  
There are a number of methods established by the US EPA which specify different methods of 
chemical digestion and analysis (Chen and Ma, 1998; Loescher et al., 2016; US EPA, 1996). 
The guidelines generally specify that the samples should be sieved to <2mm, with grinding of 
soil also suggested but not recommended for bioavailability assessment.  Soil samples are then 
dissolved in a highly concentrated acid solution such as nitric acid and hydrogen peroxide, to 
extract the metals in preparation for analysis. Spectroscopic methods are then used to analyse 
the solution and examples of these include Flame Atomic Absorption Spectroscopy (FAAS), 
Graphite Furnace Atomic Absorption Spectroscopy, Inductively Coupled Plasma Atomic 
Emission Spectroscopy (ICP-AES), and Inductively Coupled Plasma Mass Spectrometry (ICP-
MS) (US EPA, 1996).     
Although highly accurate, chemical analysis can be hazardous, time consuming and expensive, 
indicating the need for alternative, more rapid methods of assessment (Horta et al., 2015).  
More specifically, the chemicals used in sample preparation for analysis of heavy metals are 
highly corrosive and so precautions need to be taken to avoid exposure to the highly reactive 
chemicals (NEPC, 1999).   Furthermore, in some countries or in rural areas where there is no 
laboratory nearby, samples would need to be sent away, resulting in greater cost and time 
expenditure.  The aforementioned constraints may restrict the number of samples which can be 
taken, raising possibility of site misclassification; this leads to the next key question: 
2. Is there an alternative, more accessible, safer, cheaper and possibly more portable 
method of analysing soil which could provide faster results, essentially allowing more 
measurements to be taken? 
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If more samples can be obtained and soil contaminants detected with a high amount of 
accuracy, less biased sampling could be explored; with the greater detail provided by the 
samples, a more informative map could be produced to guide remediation and ensure it is 
completed accurately.  
 
1.5.3 Mapping 
Once contaminant concentrations have been determined and other risk analyses completed, a 
written report is required to provide evidence of whether or not site requires further 
investigation or remediation (DEFRA, 2012; NEPC, 1999).  As part of the assessment report, 
NEPC (1999) recommends each sample point be marked on a site map with corresponding 
concentrations and advises caution if using interpolation methods due to risk of bias and error.    
Interpolation methods in many cases rely upon the idea that the nearer two points are, the more 
similar they are and the further away, the less similar (Webster and Oliver, 2001). The 
construction of a semivariogram further illustrates this, indicating an increase in semivariance 
the further two points are apart (Figure 1.2).  Essentially it informs the weighting given to 
neighbouring observations for prediction.  It is possible to utilise the semivariance pattern at a 
site to predict at unsampled areas, filling in the gaps.  Many studies have mapped soil 
contamination using the interpolation method of kriging and its variations (e.g. ordinary 
kriging, indicator kriging) (Birch et al., 2011; Bourennane et al., 2006; Lin et al., 2010). These 
studies relied upon spatial distribution of the variable alone to predict, however there is the 
alternative of including multiple variables measured at a greater intensity as part of a predictive 
model which may provide more accurate predictions.   
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Figure 1.2. Example of a semivariogram of lead indicating the greater the distance, the less similar two 
points are to each other. 
 
Aside from the known contaminant sources at a site, there may also be other sources playing a 
part in the distribution and concentrations, such as nearby heavy traffic, other industrial sites, 
developments, as well as the soil type and topography at the site (Atapour, 2015; Birch et al., 
2011; Wong et al., 2006).  Modelling methods such as linear mixed modelling are able to 
integrate variables, or potential sources, to predict contaminant concentrations and distribution 
at a site (Lark and Scheib, 2013; Saby et al., 2011).  In addition to predicting contaminant 
distributions, linear mixed modelling is also able to provide an indication of the main factors 
influencing the distribution and to what degree (Johnson et al., 2017).    
To understand reliability of the model it is important to obtain an idea of the precision. Classical 
geostatistics is able to provide measures of precision, however many studies which have 
mapped contaminant distribution have not provided this (Birch et al., 2011; Lark and Scheib, 
2013; Manta et al., 2002).  Linear mixed modelling is able to provide predictions intervals, and 
has the advantage of increased accuracy due to inclusion of potential influencing factors, or 
covariates. As a result with linear mixed modelling the user is able to obtain more accurate 
predictions with a known uncertainty.   
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There is much free and publicly available data, especially in Sydney, Australia and so it would 
be advantageous to make use of them by integrating the data into linear mixed models. 
Therefore, we are led to the next question; 
3. Could we combine suitable covariates into a suitable model and provide a better picture 
of contamination over an area?  
Integration of covariates as predictors into linear mixed models would inform likely drivers of 
distribution and provide more accurate predictions with a known level of uncertainty.  
Knowledge of these factors would improve confidence in reporting and help provide a better 
picture of contamination at a site, in turn decreasing risk of misclassification.   
 
1.5.4 Monitoring 
Once a site is remediated, it is important to continue monitoring the site to ensure contaminants 
do not re-emerge as a result of erosional processes or aerial input (Nabulo et al., 2006; Sabin 
et al., 2006).  Mapping would be highly useful to obtain a picture and see if any trends in 
contaminant distribution are emerging at the site which may suggest underlying problems.  
Comparing the maps over time may provide an indication of emerging contamination or 
contaminant mobilisation. Understanding contaminant movement and emergence would assist 
key decision makers and stakeholders whose aim is to prevent further exposure and impact 
upon humans and the environment. Therefore, our final question: 
4. Could we further develop the idea of integrating influencing factors into a model, and 
then map the change in distribution of contaminants? 
Addressing this question would assist managing authorities to map sites with greater accuracy 
and provide an indication of change occurring at the site. Obtaining more accurate information 
allows for more efficient management decisions to be made, preventing harm to humans and 
environmental systems.   
 
  
Chapter 1: General introduction 
 
17 
 
6. Thesis objectives 
With the above key questions and issues in mind, the overall objectives of this thesis were to 
improve: 
1. Sampling of sites contaminated by heavy metals 
2. Detection of heavy metals in soil 
3. Mapping contaminant distribution 
4. Monitoring change in contaminant distribution 
Achievement of these objectives would provide information upon how to improve 
contaminated site assessment, reduce risk of misclassification at a site, therefore reducing risk 
of adversely affecting humans and the environment.  It is imperative to continuously strive to 
remediate with accuracy and enhanced management to prevent re-emergence of contaminants 
and provide safer land for future generations. 
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Abstract 
Soil contamination threatens human and ecosystem health, especially in the case of heavy 
metals which remain in the soil for extended periods of time. It is therefore essential to delineate 
contaminant concentrations at a site to help inform remediation strategies. There are two stages 
of sampling in Australian contaminated site assessment; the first sampling stage is conducted 
in the preliminary investigation where the mean contaminant concentrations are compared with 
Health Investigation Levels (HILs). The second stage of sampling occurs in the detailed 
assessment where samples are collected and compared to calculated site-specific levels (based 
upon soil properties and hydrological regimes) to provide a detailed description of the spatial 
distribution of contaminants.   
There is room for improvement in these methods as the number of samples is determined by 
cost, and time available for assessment. Taking fewer samples, or collecting samples in certain 
areas may miss contaminant ‘hotspots’ and result in misclassification, affecting the accuracy 
of remediation.  Determining a range of plausible sample sizes would help prevent 
misclassification by ensuring enough samples are taken based on the contaminant distribution, 
while preventing oversampling and its associated costs. Therefore the study aimed to determine 
a range of plausible sample sizes for estimating whether mean contaminant concentrations 
exceed the HILs, and optimal sample size for mapping contamination at a site; focussing on 
heavy metals.  
The study obtained semivariogram parameters from a number of published studies to estimate 
unbiased variances and simulate realistic heavy metal distributions and sites (i.e. simulated 
fields).  Using these simulated distributions, the first stage of this study involved calculating 
how many samples were required for the confidence interval around the mean to be above or 
below the HIL for that specific metal for each study. To explore sample size requirements for 
mapping, different sample sizes were selected from the simulated fields and interpolated using 
ordinary kriging to predict contamination in each field.  Both observed (simulated) and 
predicted (kriged) concentrations were classed as being below or exceeding the HIL and these 
classes were matched up for each gridded simulation to see how many misclassifications 
occurred. Estimated sample size for assessing mean contamination across a site ranged from 2 
to 5 samples, however there were a number of studies which possessed a high amount of 
variation and so required more samples.  For mapping a site, uncertainty and misclassification 
decreased with increasing sample size, stabilising around 200 samples, however the uncertainty 
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continued to decrease as sample size increased.  The study acknowledges this may be 
unrealistic and economically inefficient, so in addition to these findings it is worth exploring 
improvement in other areas of investigation- such as in the detection and mapping stages.  
 
2.1 Introduction 
Soil contamination is a leading global issue and is becoming more prominent with past and 
present industrial activity, increasing population density and resulting urban expansion 
(Andronikov et al., 2000; Lacarce et al., 2012; Lee et al., 2006).  An area is classed as 
'contaminated' when substances, such as heavy metals, exceed background concentrations and 
this is often due to anthropogenic influences (NEPC, 1999).  Heavy metals are of particular 
concern as they are influenced by human activity and remain in the soil for a considerable 
amount of time (Markus and McBratney, 1996). Soil contamination, especially heavy metal 
contamination, can have substantial impacts upon human and environmental health (Helios 
Rybicka, 1996; Khan et al., 2008; Mielke et al., 1999) and it is therefore crucial that 
contaminated areas are identified and managed.  
If substances occur above established guideline values at a test site, there is a need for further 
investigation and potential remediation (BC MoE, 2014; NEPC, 1999; VROM, 2000). Site 
assessment and remediation is costly, with a report by CERAR (2009) stating that the 
Australian contamination industry spends over AUD$1 billion per year on testing and clean-
up of contaminated sites.  Testing methods vary depending on the site and contaminant, and 
are often determined using an ad hoc approach based on a priori knowledge of past activities 
in the area, the site-specific risk assessment, and the associated conceptual model developed in 
the preliminary investigation of the site (Glavin and Hooda, 2005; NEPC, 1999; US EPA, 
2002a).    
Government organisations may regulate the sampling conducted by establishing recommended 
sampling procedures (Theocharopoulos et al., 2001; VROM, 2000).  In Europe, where many 
different guidelines are established, sampling methods may instead vary from organisation to 
organisation (de Zorzi et al., 2008; Theocharopoulos et al., 2001). Such a variety of methods 
can have significant impacts upon the accuracy of analyses and in turn affect the precision of 
the remediation process, resulting in false positive or false negative results (Cattle et al., 2002).  
Contaminated site analysis needs to be timely and cost-effective, and one way to enhance this 
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is by improving the sampling scheme which relates to collection of sufficient samples and 
locating them so they identify contamination levels appropriately.   
In Australia, sampling is conducted in the preliminary investigation and the results used to 
inform subsequent detailed investigation (NEPC, 1999).  Preliminary sampling is conducted 
with the purpose of estimating mean contamination at the site and comparing this, along with 
the 95% upper confidence interval, to the developed Health Investigation Levels (HILs) and if 
these levels are exceeded, further investigation is required (NEPC, 1999).  Further investigation 
involves conducting detailed sampling at the site to provide a better picture or distribution of 
contaminants, with the number of samples to collect guided by the conceptual site model and 
results of the initial sampling (NEPC, 1999). 
Delineating contamination at a site can use either a design- or model-based approach, 
depending on the purpose of the investigation (i.e. preliminary or detailed).  Design-based, or 
probability-based, sampling approaches select points based on probability and randomisation 
to predict a mean or another statistic, whereas model-based approaches, also known as 
purposive/judgemental, rely on a model for predicting means (De Gruijter et al., 2006).  Many 
studies adopt a model-based, or systematic, sampling scheme where a grid is selected and 
samples are taken at set intervals (US EPA, 2002b). As a result the samples are not independent 
of each other and will provide a biased variance.  In situations where we wish to estimate the 
mean contamination or the 95% confidence interval with less bias and greater accuracy, a 
probabilistic sampling scheme is best (NEPC, 1999; US EPA, 2002b). 
In contrast, grid-based sampling is highly useful and has been recommended for mapping and 
kriging variables (Pettitt and McBratney, 1993).  Studies have also complemented grid designs 
with shorter scale samples taken so as to model the short-range spatial variation that may not 
otherwise be detected (Karunaratne et al., 2014; Lark, 2002).  Detecting shorter-range variation 
and reducing bias of samples assists in increasing precision in mapping, thus preventing site 
misclassification.  
Aside from using a suitable sampling scheme, the sample size can affect the precision and 
reliability of contaminated site assessment.  Error may arise from insufficient sampling, or 
failing to sample in areas where contaminant concentrations are higher (i.e. ‘hotspots’) and in 
turn increase risk of misclassification (Cattle et al., 2002; Tiller, 1992).  Studies have sought to 
quantify sample size; however they have been applied to assessment of soil properties such as 
Chapter 2: A meta-analysis of published semivariograms to determine sample size requirements for assessment 
of heavy metal concentrations at contaminated sites 
 
32 
 
loss on ignition, soil texture and pH, rather than specifically for contaminants, which can be 
highly variable (Kerry and Oliver, 2004; McBratney and Webster, 1983).  Past studies have 
also sought to determine suitable grid spacing for soil spatial analyses (Chang et al., 1998; 
McBratney and Pringle, 1999); the study by McBratney and Pringle (1999) used published 
semivariograms in the analyses.  There are a number of studies that have conducted sampling 
at contaminated sites and so the question is raised whether or not it would be possible to use 
these published studies in as part of a meta-analysis to estimate sample size requirements and 
provide broad guidelines for investigation.  
Many published studies assessing heavy metal distribution use model-based sample 
approaches, which, as mentioned earlier, will have biased variances.  There are three general 
types of studies available to predict variation at a site- those that adopt a probabilistic design, 
those that adopt a systematic sampling scheme but do not provide a semivariogram and those 
that adopt a systematic sample design and do provide semivariograms; the latter of which will 
be used throughout the current study.  If summary statistics and variogram parameters are 
provided by the study, it is possible to extract an unbiased variance using a method proposed 
by (Domburg et al., 1994).   
Therefore, by conducting a meta-analysis utilising variogram parameters from a number of 
compiled contamination studies, this study aimed to: 1) determine the optimal sample size for 
estimating mean heavy metal concentration at a site and calculation of the proportion of the 
site exceeding the set guideline value; 2) determine suitable sample sizes for mapping heavy 
metal distribution by simulating the spatial variation described by the semivariograms from 
each of the studies.  The outcomes of this study will provide broad indications of the range of 
samples required for contaminated site assessment, which may improve accuracy of decision 
making and improve efficiency of assessment.  
 
2.2 Methods 
2.2.1 Database compilation 
A literature search was performed to find peer reviewed research on the spatial variation of 
heavy metal contaminants.  Studies were chosen if they provided experimental 
semivariograms, topsoil samples (up to 10cm) and if the study area was less than 5 km2.  The 
studies chosen covered a variety of land uses including industrial, agricultural, mine sites and 
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residential areas.  Data was obtained for a range of heavy metals, however the most commonly 
provided were lead (Pb), zinc (Zn) and cadmium (Cd) and so these were used for determining 
sample sizes for mean estimates of concentrations and for mapping contaminant distribution.   
The majority of the studies added to the database used logarithmic transformations on skewed 
heavy metal concentrations and the transformed values were used in favour of raw values for 
later analyses. Some studies used transformed values in their analyses, but only provided 
untransformed means and so to overcome this, the raw means were transformed using an 
equation derived from arithmetic moments and the lognormal distribution:  










rawraw
raw



2
2
ln ln ,               (1) 
where 𝜇𝑙𝑛 is the normalised mean, 𝜇𝑟𝑎𝑤 is the skewed (raw) mean, and 𝜎𝑟𝑎𝑤 is the skewed 
standard deviation. 
Throughout this study heavy metal concentrations were compared with the most conservative 
Health Investigation Levels (HILs) provided by the National Environment Protection 
(Assessment of Site Contamination) Act (NEPC, 1999), which are used in Australia for 
contaminated site assessment.  Guideline values for lead, zinc and cadmium are 300mg kg-1, 
7400mg kg-1 and 20mg kg-1, respectively.  
After compiling the variogram database we considered two situations; one where we wish to 
identify how many samples are required to estimate whether the mean contaminant 
concentration is below or above a guideline value, and for mapping the concentration of the 
contaminant to find where they are above or below the guideline value. 
 
2.2.2 Mean contamination across a site 
2.2.2.1 Unbiased variance and sample sizes 
Equation 2 was used to calculate the 95% confidence interval (CI) around the mean. Given an 
estimate of the mean or the variance, the sample size, n, impacts on the width of CI due to the 
tcrit and the standard error of the mean, 
n
s , decreasing with increasing sample size: 
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n
s
tyCI crit 
025.0%95        (2) 
It was hypothesised that the mean would not be equal to the guideline value, whereas if the null 
hypothesis were proven true, the mean would be equal to the guideline value.  Therefore if the 
95% confidence interval did not overlap with the contaminant guideline value, the null 
hypothesis would be rejected.  
However, to be able to calculate the required sample size, it needs to be ensured that the 
variances were unbiased.  Many of the selected studies used systematic sample designs, for 
example a grid or transect design (Table 2.1).  Since the designs had no probabilistic component 
the estimated variances may be biased.  To extract an unbiased estimate of the variance for 
each study included in the meta-analysis, the method established by (Domburg et al., 1994) 
was implemented (equation 3). This method estimates the variance of the sample mean of an 
area using the semivariogram parameters: 
 
n
zV SIp

 ,           (3) 
where  is the mean semivariance calculated using variogram parameters provided by the study 
and n is the sample size used in the study.  
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Table 2.1. Summary of sampling designs for each chosen study.  
Study Country Land use Sampling method 
Assadian et al. (1998) 
Mexico and 
U.S.A 
Agriculture (alfalfa) Parallel transects along canal 
Atteia et al. (1994) Switzerland Agriculture Square grid and nesting 
Bourennane et al. (2006) France 
Agricultural/wastewater 
irrigation plane 
Square grid 
Burgos et al. (2006) Spain Mine 
Grid (20x50m), 12 subplots 
(7x8m) 
Chang et al. (1998) U.K. Agriculture Grid (60x70m rectangles) 
Ersoy et al. (2008) U.K. 
Agriculture (grazing 
land) 
Grid (1, 5, 10m regular intervals) 
Ferreira da Silva et al. (2004) Portugal Mine Grid (100x100m) 
Lin et al. (2001) Taiwan 
Agriculture (rice 
paddies) 
Regular grid 
Shi et al. (2008) China 
Agriculture (rice 
paddies) 
4km intervals along different 
locations on the plain and valley 
Simasuwannarong et al. (2012) Thailand 
Agricultural, industrial, 
urban 
Stratified random 
Wei and Yang (2010) China Mining/smelter 
Grid (0.5-1km2 cells), 5m2 
subplots 
Weindorf et al. (2013) Romania 
Mining/smelter, 
agriculture 
Random, but sampling variety of 
land uses 
Yang et al. (2009) China Agricultural, urban 
Irregular grid, with 5 subsamples 
at each point 
Zhao et al. (2010) China 
E-waste recycling 
areas, agricultural (rice 
paddies) 
Randomised, but taken over rice 
paddies only 
Zupan et al. (2000) Slovenia Industrial, forest 
Systematic sampling design, two 
grids-one general and other 
lowland where main sources of 
pollution are 
 
Calculation of the mean semivariance (  ) was accomplished by simulating a matrix of 1000 
sets of random pairs of coordinates within a simulated study area in the shape of a square and 
equal in size to each published study.  All analyses were performed using R (R Core Team, 
2016).  
Once the mean semivariance was calculated for each study, unbiased variance across each 
study area was obtained using equation 3.  Subsequently, sample size requirements were 
quantified using equation 2, with a tcrit of 0.025, the degrees of freedom (n-1) obtained in each 
study, and substituting the newly calculated unbiased variance of the mean into the equation.  
The sample size was increased until the 95% CI was above or below the guideline value. 
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2.2.2.2 Proportion of contaminated samples 
While the mean and confidence interval may be under the guideline value, some part of the site 
could still be contaminated.  We estimated this for each study based on the cumulative upper 
probability above the guideline value using the t-distribution in Genstat 16 (VSN International 
Ltd, 2013), based upon the optimal sample size. 
 
2.2.3 Sample size for mapping contaminated sites 
2.2.3.1 Simulation, sampling and prediction 
As a case study, data from a subset of studies quantifying Pb were selected for simulation. 
Unconditional gaussian simulation incorporating variogram parameters from each study was 
used to simulate contaminant distribution via the ‘gstat’ package in R (Pebesma, 2004).  A total 
of 1000 simulations were created for each study, with the set grid area closely resembling the 
original study area to maintain proportions.  
From these simulated fields, the sample design consisted of 90% of locations being on a grid 
and the remaining 10% taken a short distance from randomly selected grid points. The latter 
portion of samples would provide short range samples for variogram modelling, similar to the 
approach suggested by Lark (2002).  The range of sample sizes tested included 40, 60, 80, 100, 
120, 140, 160, 180, 200, 250, 300, 350, 400, 450 and 500 samples.   Each tested sample size 
was used to map soil contamination using ordinary kriging for mapping onto the grid.    
 
2.2.3.2 Prediction quality 
The simulated grid values were assigned a class based on whether the Pb concentration 
exceeded (thus classed as 'contaminated') or was less than the guideline value (and so classed 
as 'uncontaminated'). These classifications of the simulated values formed the ‘observed’ 
classes, or ‘truth’.   The predicted values underwent a similar process however the guideline 
values were compared to the prediction intervals of each point, and used an additional 
classification of 'high uncertainty' where the guide value lay within the prediction interval 
(Figure 1).  The allocated classes of corresponding point locations within the observed and 
predicted datasets were then were compared and if they matched, were assigned the class of 
'correct', if they mismatched, they were classed as 'error' (Including Type I or II) and if the 
prediction interval indicated high uncertainty, the point was classed as ‘uncertain’. 
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Figure 2.1. Classification guide for predictions (adapted from Johnson et al. (2017)).  
 
2.3. Results 
2.3.1 Exploratory data analysis and data compilation 
The compiled studies incorporated a variety of sample sizes, mean concentrations and 
semivariogram parameters (Table 2.2).  Sample sizes ranged from 48 to 665 samples and these 
were taken over areas from 0.0004 to 3500km2.  Some studies presented mean values as log-
transformed, others presented the raw values and log-transformed them prior to variogram 
analyses, and some used the raw values without transformation. Variogram models included 
Linear, Spherical, Double Spherical, Gaussian, Exponential and Stable.  The majority of nugget 
values were less than 1.0, however some studies obtained a nugget semivariance of over 
151,000 as the data were not transformed before analysis.  Distance parameters were often 
related to area size (i.e. the larger the area, the larger the distance parameter), however this was 
not always the case.  Mean values for many of the studies exceeded the most conservative 
NEPC (1999) guideline values (20 mg kg -1 for Cd, 6000mg kg -1 for Cu, and 300mg kg -1 for 
Pb).  
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Table 2.2. Summary of parameters from each compiled study for each metal. Mean is as provided in 
original study, transform describes the type of (if any) transformation used by original study. 
Metal Study n 
Area 
(km2) 
Mean S.D. Transform Model c0 c1 c2 d1 d2 
Cd Atteia et al. (1994) 366 14.5 1.31 0.87 log 
double 
spherical 
0.01 0.05 114.00 0.03 1436.00 
 Bourennane et al. 
(2006)  
50 0.15 3.98 2.07 none spherical 1.37 2.00 80.00   
 Burgos et al. (2006) 48 0.001 4.44 1.16 none linear 0.72 1.77 20.20   
 Shi et al. (2008) 665 1430 0.19 0.07 log linear 0.02 0.02 37.66   
 Simasuwannarong et 
al. (2012)  
130 3522 3.56 2.77 log spherical 0.79 1.28 8949.86   
 Wei et al. (2009)  106 100 10.34 22.78 log spherical 0.02 0.15 2.64   
 Weindorf et al. 
(2013)  
69 5.13 7.60 15.10 log gaussian 0.89 0.00 13953.20   
 Yang et al. (2009)  100 0.0004 0.15 0.04 log spherical 0.00 0.00 3.28   
 Zhao et al. (2010)  96 926 0.31 0.38 log gaussian 0.18 0.44 39.80   
 Zupan et al. (2000) 119 5 2.1 3.12 log spherical 0.76 1.72 9.50   
 Zupan et al. (2000) 119 5 2.5 3.89 log spherical 0.30 2.18 9.50   
             
Cu Atteia et al. (1994) 366 14.5 26.40 31.70 log spherical 2.03 0.09 404.00   
 Bourennane et al. 
(2006)  
50 0.15 173.40 64.72 none spherical 1774.00 1888.00 105.00   
 Burgos et al. (2006) 48 0.001 119.00 26.60 log linear 0.00 0.01 21.20   
 Shi et al. (2008) 665 1430 23.81 5.40 log spherical 14.60 66.62 86.10   
 Simasuwannarong et 
al. (2012)  
130 3522 40.68 44.68 log spherical 0.40 0.87 8949.86   
 Wei et al. (2009)  106 100 92.72 107.58 log spherical 0.03 0.09 2.48   
 Weindorf et al. 
(2013)  
69 5.13 1501.00 3341.60 log gaussian 0.13 0.98 112.20   
 Yang et al. (2009)  100 0.0004 21.22 3.42 none spherical 6.86 11.51 7.37   
 Zhao et al. (2010)  96 926 41.13 19.74 log spherical 0.07 0.14 18.60   
 Zupan et al. (2000) 119 5 8.6 7.4 log exponential 0.46 0.74 4.70   
 Zupan et al. (2000) 119 5 24.8 15.5 log exponential 0.24 0.36 3.30   
             
Pb 
Assadian et al. (1998) 
(Mexico) 
79 0.018 6.50 6.30 log linear 0.00 0.26 160.00   
 Assadian et al. (1998) 
(U.S.A.) 
55 0.036 9.00 1.40 log linear 0.00 0.05 160.00   
 Atteia et al. (1994) 366 14.5 57.00 41.70 log 
double 
spherical 
0.01 0.02 287.00 0.01 2605.00 
 Bourennane et al. 
(2006)  
50 0.15 321.58 131.24 none spherical 4176.00 10555.00 100.00   
 Burgos et al. (2006) 48 0.001 471.00 216.00 log linear 0.03 0.05 18.60   
 Ferreira da Silva et al. 
(2004) 
106 1.4 403.00 776.00 none spherical 151161.00 503871.00 - 400.00 121.00 
 Lin et al. (2001) 194 0.48 2.66 0.26 log spherical 0.05 0.05 1065.00   
 Shi et al. (2008) 665 1430 32.94 7.00 log spherical 0.00 0.02 82.32   
 Simasuwannarong et 
al. (2012)  
130 3522 19.97 19.55 log spherical 0.56 0.76 8949.86   
 Wei et al. (2009)  106 100 629.00 852.00 log spherical 0.03 0.12 2.56   
 Weindorf et al. 
(2013)  
 5.13 1584.30 2250.00 log stable 0.00 0.93 104.40   
 Yang et al. (2009)  100 4E-04 18.8 3.92 log spherical 8.48 15.41 3.42   
  Zhao et al. (2010)  96 926 48.30 15.99 log spherical 0.07 0.07 13.20     
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2.3.2 Sample size for mean contamination 
The predicted sample sizes required for each study were very different to the sample sizes 
actually used (Table 2.3); this is justified as the purpose of these studies was to map 
contamination rather than estimate mean content.  More samples were required for Pb 
compared to Cd and Cu.  Overall, majority of sample sizes required to determine if the mean 
concentration was significantly different from the guideline value was generally 5 samples or 
less, which is quite a small number of samples in relation to the size of the study area.  Some 
studies required a much greater sample size, such as that by Shi et al. (2008) for Cd which 
required 207 samples, and the study by Bourennane et al. (2006) which required 1309 samples 
to determine if Pb exceeded the guideline value.  Key drivers of the sample size requirement 
were the variability and how close the mean is to the guideline value. 
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Table 2.3. Sample size, mean and transformation described in the original studies, the associated NEPC 
(1999) HILs, calculated unbiased variance, predicted sample size requirement for estimating the mean 
and proportion of each site exceeding the established HILs.  
Metal Study n Mean Transform 
Guide 
value 
Unbiased 
variance 
Sample size 
required 
Proportion 
exceeding HIL 
Cd Atteia et al. 1994 366 0.020 log 3.0 0.038 2 0 
 Bourennane et al. 
2006 
50 3.980 none 20.0 3.320 3 < 0.001 
 Burgos et al. 2006 48 4.440 none 20.0 29.781 6 0.003 
 Shi et al. 2008 665 -0.760 log 3.0 392.109 207 0.425 
 Simasuwannarong et 
al. 2012 
130 0.242 log 3.0 2.055 4 0.028 
 Wei et al. 2009 106 2.252 log 3.0 0.168 3 0.036 
 Weindorf et al. 2013 69 0.840 log 3.0 0.890 3 0.013 
 Yang et al. 2009 100 -1.898 log 3.0 0.002 2 0 
 Zhao et al. 2010 96 -1.483 log 3.0 0.624 2 < 0.001 
 Zupan et al. 2000 119 -0.498 log 3.0 2.480 4 0.014 
 Zupan et al. 2000 119 -0.324 log 3.0 2.480 4 0.019 
         
Cu Atteia et al. 1997 366 2.215 log 8.7 2.116 3 < 0.001 
 Bourennane et al. 
2006 
50 173.400 none 6000.0 3595.376 3 0 
 Burgos et al. 2006 48 4.679 log 8.7 0.200 2 < 0.001 
 Shi et al. 2007 665 -37.440 log 8.7 81.220 5 < 0.001 
 Simasuwannarong et 
al. 2012 
130 3.078 log 8.7 1.256 3 < 0.001 
 Wei et al. 2009 106 4.470 log 8.7 0.120 2 0 
 Weindorf et al. 2013 69 6.300 log 8.7 1.104 3 0.013 
 Yang et al. 2009 100 21.220 none 6000.0 17.477 2 0 
 Zhao et al. 2010 96 3.616 log 8.7 0.201 2 0 
 Zupan et al. 2000 119 1.552 log 8.7 1.200 3 < 0.001 
 Zupan et al. 2000 119 2.911 log 8.7 0.600 2 < 0.001 
         
Pb 
Assadian et al. 1998 
(Mexico) 
79 -7.225 log 5.7 18.193 5 0.002 
 Assadian et al. 1998 
(U.S.A.) 
55 -0.224 log 5.7 4.842 4 0.005 
 Atteia et al. 1999 366 1.700 log 5.7 0.038 2 0 
 Bourennane et al. 
2006 
50 321.580 none 300.0 14395.681 1309 0.571 
 Burgos et al. 2006 48 5.752 log 5.7 0.806 35 0.521 
 Ferreira da Silva et al. 
2004 
106 403.000 none 300.0 0.510 2 1 
 Shi et al. 2008 665 1.510 log 5.7 0.021 2 0 
 Simasuwannarong et 
al. 2012 
130 2.340 log 5.7 1.307 3 0.002 
 Wei et al. 2009 106 6.369 log 5.7 0.150 3 0.956 
 Yang et al. 2009 100 -8.885 log 5.7 23.639 5 0.002 
  Zhao et al. 2010 96 3.812 log 5.7 0.130 2 < 0.001 
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Although we could calculate the mean and show that is was significantly greater or less than 
the guideline value, some of the site may still contain concentrations which exceed the 
guideline.  Therefore, it was important to also calculate the proportion of each area exceeding 
the guideline (Table 2.3) based on the estimated sample size.  Overall the proportion of each 
site exceeding the guideline values for Cd and Cu were very low, excepting the study by Shi et 
al. (2008) observing Cd.  There were two studies where >90% of the site exceeded the guideline 
value for Pb, however it was studies in which the mean did not exceed, yet showed a proportion 
with contamination, which would be at greatest risk of misclassification.  
For studies which measured Cd, majority of sites were below the HIL of 20 mg kg -1 (3.0 mg 
kg-1 if log-transformed), yet proportions of each site exceeded the HIL, except those of Atteia 
et al. (1994) and Yang et al. (2009), where the proportions were zero.  Of the studies below the 
threshold for Cu (6000 mg kg-1; 8.7 mg kg-1 log-transformed) Wei et al. (2009) and Zhao et al. 
(2010) were the only ones to possess a proportion of zero, with the remainder of proportions 
being <0.001, yet possessing a mean less than the HIL. The results for Pb were more variable; 
there were numerous studies with a mean exceeding the HIL of 300 mg kg-1 (5.7 mg kg-1 log-
transformed), there were studies with a mean below the HIL and showed no proportion of the 
area exceeding, and there were studies with a mean below the HIL yet a proportion of the study 
area exceeding. The latter included studies by Assadian et al. (1998) (U.S.A.; mean = -0.224 
mg kg-1, proportion = 0.005), Simasuwannarong et al. (2012) (mean = 2.340 mg kg-1, 
proportion = 0.002), and Zhao et al. (2010) (mean = 3.812 mg kg -1, proportion = <0.001).  
Contaminant distribution is most often heterogeneous and obtaining a mean value does not 
provide an accurate representation, increasing risk of misclassification, as indicated in the 
above results. A way to obtain a more accurate representation is by mapping contamination at 
a site.   
 
2.3.3 Sample size for mapping contamination 
A subset of study parameters was taken from the Pb dataset and used in the simulation exercise 
to determine optimal sample size for mapping.   Study area size (and therefore size of simulated 
fields) varied among studies and as a result grid intervals also varied to ensure the total number 
of grid points in the simulated fields remained consistent (Table 2.4).   
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Table 2.4. Grid specifications for simulations of Pb.   
Study Simulated area (m2) Simulation grid interval (m) 
Bourennane et al. (2006) 150544 1 
Burgos et al. (2006) 1024 0.25 
Chang et al. (1998) 184900 0.5 
Ersoy et al. (2008)  10000 0.5 
Ferreira da Silva et al. (2004) 1392400 2 
Weindorf et al. (2013)  5125696 2 
Yang et al. (2009)  400 0.1 
 
Comparison between observed (simulated) and predicted classifications indicated that 
increasing sample size increased the number of points classified as correct while decreasing 
the amount of uncertainty (Fig. 2.2).  Increasing sample size also influenced an increase in the 
amount of error, however the rate of increase was relatively small (maximum 5% increase 
overall).  Regardless of sample size, uncertainty of predictions remained much higher than the 
number of samples classified correctly, where the majority of the studies had >50% of points 
classed as uncertain.  The rate of change varied between studies, with larger study areas having 
lower rates, but there was generally no more than 10% increase in correct classification.  There 
was an inflection in the results from simulation of Ersoy et al. (2008) (Fig. 2.2) and quite a lot 
of variation throughout the categories for that specific study. 
Rather than classifying based upon a prediction which is common among studies, the current 
study classified based upon calculated prediction intervals.  The prediction intervals presented 
in the study are quite large and sample does not greatly affect them.   In terms of selecting a 
suitable sample size, this varied for each study, the number of points correctly classified 
stabilised around 200 samples (excepting the first set of results from Ersoy et al. (2008)), but 
was slightly better around 500 samples.  
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Figure 2.2. Comparison between classification and sample size for each subset Pb study.   
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To understand the underlying mechanisms for the trends, Pearson correlations were used to 
compare the % values for each category with variogram parameters of each study, mean, area 
and sampling density (Table 2.5).  Nugget semivariance (c0) influenced all categories 
negatively, but the greatest indicated the higher the nugget semivariance, the lower the number 
of points classified as 'correct'. As the structural semivariance (c1) increased, error also 
increased - as variance increases so does error, but this didn’t seem to influence uncertainty (r 
= 0.183).  The distance parameter for the variogram was also related to error (r = 0.533) as well 
as the mean, and error decreased with increasing mean (r = -0.462). Sample area also shared a 
relationship with the amount of error and uncertainty (r = 0.681 and 0.445, respectively), both 
parameters increasing as area increased.  
 
Table 2.5. Pearson correlations between original features of subset studies (variogram parameters, 
mean, area) and the simulation classifications. Areas highlighted in bold type indicate stronger 
correlations. 
 
 
 
 
 
 
  
Variable % Correct % Error % Uncertain 
c0 -0.773 -0.378 -0.605 
c1 -0.033 0.417 0.183 
c0/c1 -0.561 -0.594 -0.812 
d -0.167 0.533 0.133 
mean 0.076 -0.462 0.059 
area 0.126 0.681 0.445 
density -0.126 -0.681 -0.445 
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2.4. Discussion 
2.4.1 Meta - analysis 
The study used a novel method to provide an indication of broad sample size requirements for 
assessment of heavy metal contamination by obtaining variogram parameters from a variety of 
studies.  Using previous studies provides more realistic values, rather than simulating an ideal 
(and often less likely) scenario, as contamination can be highly variable both spatially and in 
magnitude (Glavin and Hooda, 2005).  The studies obtained encompassed a variety of land 
uses and sources of contamination, helping make this study more widely applicable to a number 
of situations. It must be noted that because each study utilised a different sample size, the 
uncertainty of the published variograms would be greater. Assessment of this uncertainty was 
unnecessary as we were using these variograms to represent each study area alone, and from 
these study areas the data could be used to estimate broad indication of sample effort required, 
aiding sample design.   
 
2.4.2 Estimating mean contamination across a site 
The number of samples required to show whether or not the 95% CI of the mean concentration 
exceeded the guideline values were relatively small. Majority required 5 samples or less, 
however some exceeded this, most likely due to the variance in relation to the sample size, 
inducing a wider confidence interval compared to other studies.  This could be attributed to 
various influencing factors including the original contamination source, its location, historical 
land use, soil morphology, climate, and anthropogenic factors affecting environmental 
dynamics.   
Calculation of the proportion of each site exceeding the guideline was valuable as it showed 
that although the mean may not exceed the guideline, there were still points on the site which 
did exceed.  The inverse was also true, with some means exceeding the guideline, yet some 
proportion of the site did not exceed; detailed investigation may negate this issue if sufficient 
samples are taken. Furthermore, it was useful to observe the proportion of each site exceeding 
the guide values and comparing these with the sample size requirements as studies with higher 
sample requirements possessed greater variability at the site, which may have been missed if 
only a small number of samples were taken.  The outcomes of this research demonstrate the 
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importance of calculating proportion of the site exceeding the guide, rather than relying upon 
the mean value alone.    
Although it is useful to use the mean to obtain an overall indication of the concentration at a 
site, especially if samples are limited; there is much variation that may be missed.  This is 
especially true in terms of soil contamination as there may be a mix of diffuse and point 
sources- these point sources may be missed and therefore undermine scientific findings, or 
make the picture seem worse than it is, resulting in possible remediation where it may not be 
required. It is therefore more reliable if a site were mapped using some sort of interpolation to 
obtain more precise predictions.  
 
2.4.3 Mapping contaminant distribution 
A suitable sample size was suggested to be around 200 samples as the rate of change in 
classification error and uncertainty stabilised around this value. Based upon prediction intervals 
and determined classes, the lowest amount of uncertainty was detected around n = 500, 
indicating the more samples- the less uncertainty, which may not be realistic in many cases. 
Obtaining 500 samples over any study area would be very costly both economically and 
temporally and regardless of sample size, uncertainty was still quite high with little decrease 
with increasing sample size.  With increasing sample size the amount of classification error 
increased, rather than decreased, so this would also need to be weighed up when deciding upon 
the number of samples to collect.  Contaminated sites, especially following environmental 
catastrophes require urgent and timely assessment and so unless the resources can be afforded, 
collection of so many samples would not be economically sound. Therefore complementary 
methods in both physical assessment and mapping are worth exploring – either by allowing the 
collection of more samples or using supplementary data to provide a more accurate map of 
distribution. 
It is essential to use unbiased variances when calculating CIs for comparison with guideline 
values.  To ensure unbiased variances it is recommended to use design-based sampling 
schemes, or if not practical due to site access and cost, use correction methods such as the 
Domburg equation (Domburg et al., 1994).  It could also be useful to explore sampling methods 
which are able to take available information, such as that obtained in initial site investigation, 
into account. Building of a conceptual model for contaminated site assessment depends upon 
collection of information such as site history, layout and topography (NEPC, 1999);  this site 
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information may also be useful in development of a less biased sampling scheme.  Conditioned 
Latin Hypercube sampling derives a sampling scheme which takes ancillary variables into 
account  thus reducing bias (Minasny and McBratney, 2006). 
It is good to estimate the mean contaminant concentration of a site, however to delineate areas 
which exceed contamination guideline values and hence inform remediation, greater detail 
needs to be used to reconcile cost and efficiency. Therefore, as most of the compiled studies 
have done, it is important to map and interpolate contamination.  
 
2.5. Conclusions 
The number of samples required for estimating if the mean exceeds the guide value were very 
low.  However, evident through the calculation of proportion of site contamination, estimating 
the mean may miss a large portion of the variation at the site, especially as heavy metal 
contamination is highly variable.  Therefore it is better to use interpolation methods such as 
kriging to detect this variation.  Estimates of plausible sample sizes for mapping a site was 
estimated at 200, with uncertainty being lowest around 500 samples. Collecting so many 
samples may be in many cases unrealistic and therefore shows that sample sizes and schemes 
are site-specific. To improve accuracy it would be worth exploring improving efficiency in 
other facets of contamination assessment, such as in detection and the reporting stage.   
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Abstract 
Heavy metals may accumulate in the soil over time and with changing land use and increasing 
traffic density, humans are more likely to be exposed to elevated concentrations. It is therefore 
important to delineate contaminated sites in the most efficient and accurate manner. A way to 
improve accuracy of delineation is through the use of proximal soil sensing.  Sensors, such as 
portable X-Ray Fluorescence (pXRF) and visible Near-infrared (vis-NIR) spectrometry are 
able to predict contaminant concentrations in a reduced amount of time and less hazardous 
manner compared to traditional lab analytical methods.  This allows for a greater number of 
samples to be taken and in turn improves the quality of contaminant distribution maps. This 
study explored the potential for integrating vis-NIR and pXRF spectra to improve lead 
predictions in fine (< 62.5 µm) and whole (< 2 mm) fraction soil samples.  A number of data 
treatments were explored including Cubist regression upon processed spectra for vis-NIR and 
pXRF separately, Cubist upon concatenated vis-NIR and pXRF spectra, Cubist upon derived 
principal components for NIR, pXRF and concatenated spectra, and also model averaging of 
Cubist predictions from individual spectra and principal components.  The model with the 
lowest amount of error was model-averaged Cubist predictions which used principal 
components for vis-NIR and pXRF (RMSE = 89.70 mg kg-1 and 86.38 mg kg-1 for whole and 
fine, respectively).  Of the two sensors, when used alone pXRF predicted with less error 
(RMSE = 105.01 mg kg-1 whole, 95.70 mg kg-1 for fine fraction) compared with vis-NIR 
(RMSE = 253.41 mg kg-1 for whole, 215.97 mg kg-1 for fine fraction). The study also found 
the use of principal components as covariates to be superior to using the entire spectra.  The 
results of this study indicate that there is potential in the adoption of an on-the-go method of 
proximal sensing to reduce the number of samples required for laboratory analysis, which in 
turn would reduce cost and time required for contaminated site assessment.  
 
3.1. Introduction 
Soil acts as a sink for contaminants and thus over time these are able to accumulate within the 
soil matrix (Paterson et al., 1996).  Soil contaminants such as heavy metals for example, are 
able to reside in the soil long after their input has ceased (Markus and McBratney, 1996), and 
the development and change of urban areas over time increases the risk of humans coming into 
contact with these contaminants.  Areas with a history of industrial activity or high traffic 
volume are most likely to possess elevated concentrations of contaminants (Birch et al., 2011; 
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Johnson et al., 2017; Luo et al., 2015; Pebesma, 2004).  Often this contamination is not detected 
until there is a significant redevelopment, sale or change in land use (NSW EPA, 2013).   
If contaminants are found and concentrations exceed set guideline values, the soil may require 
remediation (BC MoE, 2014; NEPC, 1999).  Incorrect delineation can lead to portions of the 
site being misclassified, thus resulting in remediation where it is not required, or neglect of 
contaminated soil (Cattle et al., 2002).  If contamination is left unchecked it can have serious 
implications upon human health and the environment.  To avoid these ramifications it therefore 
is of utmost importance to accurately delineate contamination at a site in a timely and cost 
effective manner.   
Current methods used to determine concentrations of contaminants in the soil, such as lead 
(Pb), rely on dissolving the soil in acid and subsequent analysis of the extract via mass 
spectrometry (e.g. Li et al. (2014), Snowdon and Birch (2004), and Wu et al. (2015) ).  This 
method is reliable, yet time consuming and the chemicals used for extraction in sample 
preparation are hazardous.  A way to avoid this hazard and reduce the amount of time required 
for determining contaminant concentrations is through the use of proximal sensors.  Proximal 
sensing, as opposed to remote sensing, detects properties from above the soil while remaining 
close to the surface (Horta et al., 2015; Rathod et al., 2013).  Methods such as portable X-ray 
Fluorescence spectrometry (pXRF) and visible Near-infrared spectroscopy (vis-NIR) are 
examples of proximal sensing that are able to rapidly characterise concentrations of soil 
contaminants and associated soil properties.  PXRF and vis-NIR spectrometers are also 
portable, offering the advantage of in -field, real-time assessment of soil contamination. 
Increasing in popularity over the years, pXRF is commonly used as a method for detecting 
heavy metal concentrations in soil (Bernick et al., 1995; Cheng et al., 2013; Clark et al., 1999; 
Rouillon and Taylor, 2016; Yang and Cattle, 2015).  The instrument projects X-ray radiation 
which excites electrons in the target material and causes them to emit radiation, or fluoresce 
(Kalnicky and Singhvi, 2001).  This fluorescence is then detected by the pXRF as a signal and 
elements are quantified based on the type and strength of this signal. A suite of elemental 
concentrations can then be obtained within minutes from a small quantity of soil without 
destroying the sample (Hou et al., 2004). Although it is advantageous to use pXRF for 
determining heavy metal concentrations, accuracy of the instrument can be affected by soil 
moisture and soil matrix effects such as inconsistent particle size (Ge et al., 2005; Horta et al., 
2015; U.S. EPA, 2007). 
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Studies have also explored the possibility of using vis-NIR to predict heavy metals in the soil 
(Bray et al., 2009; Rathod et al., 2013; Siebielec et al., 2004; Wang et al., 2014; Wu et al., 
2010). Similar to pXRF, vis-NIR emits a signal, but in the visible near-infrared end of the 
spectrum.  Rather than electron excitation, the near-infrared end of the spectrum is of a lower 
energy and less likely to cause excitation. Instead, the energy causes molecular bonds in the 
target material (in this case soil) to vibrate, absorbing light (Stenberg et al., 2010; Viscarra 
Rossel et al., 2011).  The difference between the incident radiation produced by the instrument 
and the reflected radiation detected by the instrument are recorded and the amount of light 
absorbed can be calculated, enabling characterisation of soil constituents (Stenberg et al., 
2010).  Therefore, rather than obtaining a signal strength for multiple elements, a quantification 
of reflectance is received for each wavelength.   
Reflectance can be used to determine soil properties such as clay, organic matter, minerals and 
Fe/Al oxides, which are also correlated with heavy metals and so it is possible to detect the 
metals by proxy (Gannouni et al., 2012; Horta et al., 2016; Horta et al., 2015; Wu et al., 2010).  
The accuracy, however, to which vis-NIR is able to predict metals by surrogate correlations 
varies.  Some studies found vis-NIR to be a poor predictor of heavy metal concentrations 
(Reeves III and Smith, 2009; Siebielec et al., 2004) or better at lower concentrations (Wang et 
al., 2014), whereas others predicted well (Gannouni et al., 2012; Kemper and Sommer, 2002; 
Kooistra et al., 2001), leading to the conclusion that results may be site-specific (Horta et al., 
2016). 
Vis-NIR is very good at predicting carbon and clay content in soil, as previous studies have 
shown (Chang and Laird, 2002; Reeves III et al., 1999; Viscarra Rossel et al., 2009).  Clay and 
organic matter in soil interact with heavy metals, influencing mobility and bioavailability 
(Hazelton and Murphy, 2011; Micó et al., 2006; Wang, 2008), therefore measurement of these 
properties is often included in risk analysis during contaminated site assessment (NEPC, 1999; 
VROM, 2000). As vis-NIR excels at detection of these properties, there would still be 
advantage to its use at a site even if not used for prediction of heavy metals.   
As both forms of spectral analyses may be useful for predicting heavy metals in the soil, studies 
have discussed the potential use of spectral data fusion (Horta et al., 2015; O'Rourke et al., 
2016).  Implementation of vis-NIR and pXRF data into models has been explored for prediction 
of soil properties (O'Rourke et al., 2016; Wang et al., 2015; Weindorf et al., 2016), however 
few, if any, studies have explored the use of integrated vis-NIR and pXRF in the context of soil 
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contamination.  With more research, spectral data fusion would be able to efficiently provide 
contaminant concentrations within a much shorter amount of time, thus allowing for greater 
spatial coverage at a lower cost.  Furthermore, inclusion of vis-NIR spectra would provide 
rapid, accurate measurements of soil properties relevant to contaminant risk assessment.  
Proximal sensing and spectral data fusion may also be able to assist with detection of Pb within 
finer soil fractions, which is often time consuming and requires a larger volume of soil.  A 
relationship exists between grain size and metal concentrations detected, with smaller particle 
sizes possessing a greater surface area for contaminants to adhere to (Förstner and Wittmann, 
1981; Horowitz and Elrick, 1987).  Smaller particles are more likely to become airborne or 
ingested, presenting a higher risk and thus many studies integrate finer particle size fractions 
into their soil contaminant analyses (Birch and Scollen, 2003; Snowdon and Birch, 2004; 
Taylor et al., 2010).   
To be able to integrate the spectra and use them for predicting soil contamination, one needs to 
consider how the spectra are used.  pXRF provides two types of output: unprocessed spectral 
signals received by the instrument, and total elemental concentrations derived from these 
signals using Compton Normalization (Stockmann et al., 2016).  Vis-NIR provides 
unprocessed spectral signals only, so for consistency it would be suitable to use the spectra 
from both instruments to predict Pb concentrations.  
Following spectral pre-processing (e.g. transformation and splice correction), spectral datasets 
are still immense and full of information that is not useful for prediction. Therefore, a method, 
commonly called feature extraction, is needed to further process these datasets into something 
that is more useful and relevant to modelling of the response variable, in this case soil Pb.  One 
such method is Principal Components Analysis (PCA) which has been used in various spectral 
studies (Bray et al., 2009; Chakraborty et al., 2012; O'Rourke et al., 2016).  
PCA transforms the data to create new variables which explain the largest proportion of 
variation within a dataset; these are called the principal components (PC). These components 
are then able to be used in a suitable regression algorithm to fit a model. It is possible to 
integrate complete, processed spectra into a model, however the ability of PCA to compress 
the larger datasets makes analysis easier, computationally faster, and more parsimonious 
(Hartemink et al., 2008; Viscarra Rossel and Behrens, 2010).  
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With the above considerations in mind, this study sought to determine whether the use of 
integrated vis-NIR and pXRF spectra could provide a more accurate quantification of soil 
heavy metal concentrations. This will be achieved by exploring a number of data treatments 
including 1) feature extraction, 2) regression models, and 3) model averaging. Furthermore, 
the analyses will be used to test the quality of Pb predictions within the fine soil fractions.  As 
a preliminary stage, the analyses was conducted in the laboratory upon dried samples, but the 
method developed in this study could then be adapted for use in the field to provide a rapid 
onsite method for detection of soil contaminants. 
 
3.2. Materials and Methods 
3.2.1 Soil data 
A total of 491 soil samples were obtained from within the Sydney estuary catchment in Sydney, 
Australia (Fig. 3.1), originally collected for the study by Birch et al. (2011).  The catchment 
spans an area of 500 km2 and the soil types are predominantly Technosols, Podzols, Arenosols, 
Cambisols and Lixosols (Bannerman and Hazelton, 1990; Chapman and Murphy, 1989; Isbell 
et al., 1997; IUSS Working Group WRB, 2015).     
Figure 3.1. Distribution of soil samples obtained from across Sydney estuary catchment.  
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Topsoil samples (0-2cm depth) were dried, and sieved to 2mm, with a portion of each sample 
digested using aqua regia and analysed via ICP-OES (USEPA Method 200.8 modified).  Full 
details of methods, including Quality control and Quality Assurance (QA/QC) measures are 
described in the paper by Birch et al. (2011). 
To obtain Pb concentrations within the finer soil fraction, portions of each soil sample were 
further sieved to <62.5 µm, digested with aqua regia, and analysed with ICP-OES to obtain 
elemental Pb concentrations (USEPA method 200.8 and 6010C).  Herein samples sieved to 
2mm are classed as ‘whole fraction’ and those sieved to <62.5 µm, classed as ‘fine fraction’. 
The remainder of each dried and sieved (whole fraction) soil sample was scanned to detect 
elemental concentrations using portable pXRF and vis-NIR spectrometers. 
 
3.2.2 Spectral analyses 
Whole fraction soil samples were scanned using a pXRF spectrometer.  The pXRF used in this 
study was an Olympus Delta Premium pXRF, which uses an X-ray Tube 10-50kV at 10-
200µA, operated in Soil Mode which emits three beams of 50, 40 and 15kV per scan. The 
pXRF was used in a lab test stand, with each sample scanned in triplicate.  In preparation for 
scanning, soil samples were poured into 10ml plastic cups, covered with 4µm thick 
polypropylene film and placed into the pXRF lab stand.  The instrument was calibrated once 
every 24 hours with a metal alloy disc, and National Institute of Standards and Technology 
(NIST) soil standards were scanned every 20-30 samples for performance checks of the 
instrument.  Output provided were the unprocessed spectra captured by each beam for each 
triplicate, and elemental concentrations predicted using the Compton Normalization method 
(Stockmann et al., 2016). 
Following pXRF spectrometry, samples were placed into a cleaned glass petri dish and scanned 
using an Agrispec™ vis-NIR detector.  Visible light was passed into the sample using a halogen 
lamp attached to the instrument, and the reflected light detected by the instrument provided the 
spectra for analysis. A cleaned, white Spectralon disc was scanned prior to soil sample scanning 
and then after every 5 samples to calibrate the vis-NIR detector. For each sample, quadruplicate 
scans were taken and the petri dish and light window thoroughly cleaned with ethanol between 
samples. The captured spectra for each quadruplicate and sample were then processed and used 
in calibration and model averaging.  
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3.2.3 Spectral processing 
After scanning the soil samples and wet chemistry analyses, the following data were collected: 
ICP-OES-detected Pb concentrations for whole and fine particle sizes, whole fraction pXRF 
spectra and total Pb concentrations obtained by Compton Normalization of the pXRF spectra, 
as well as whole fraction vis-NIR spectra.  Prior to modelling, the spectra were processed to 
trim unnecessary spectral noise, and transformed to better define the spectra. Here, all 
processing and analyses were conducted using the R Programming Language (R Core Team, 
2016). 
PXRF spectra for each sample and triplicate were provided as readings from 3 bands. These 
bands were concatenated and processed as a singular dataset.  The mean of each set of 
triplicates was obtained and smoothed using a Savitzky-Golay filter (Savitzky and Golay, 
1964).   
Spectra obtained from the vis-NIR were based upon absorbance and so further processing was 
required. In contrast to pXRF spectral analysis, spectral processing and pre-treatments have 
been widely discussed and used for vis-NIR spectra (Buddenbaum and Steffens, 2012; Shi et 
al., 2014).  Following common protocols, the vis-NIR spectra were splice-corrected and the 
mean of each sample was obtained from the quadruplicate sets.  Reflectance (R) was converted 
to absorbance using log 1/R and the spectral data were smoothed using the Savitzky-Golay 
filter (Savitzky and Golay, 1964). A Standard-Normal Variate (SNV) transform (Barnes et al., 
1989) was then applied to standardise the spectra. 
 
3.2.4 Model calibration and validation 
Models were applied to processed vis-NIR spectra, processed pXRF spectra, and concatenated 
vis-NIR and pXRF (also processed) spectra (Figure 3.2).  The same predictive method (Cubist) 
was used for Pb concentrations derived from ICP-OES analyses of fine and whole particle size 
fractions. 
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Figure 3.2. Statistical modelling methods used to predict whole Pb and fine fraction Pb concentrations. 
The term ‘Spectra’ refers to spectra that have been processed, but not feature-extracted (e.g. via PCA). 
 
Initially, datasets were reduced and matched to samples within the dataset containing the 
smallest sample size, which in this case was provided by pXRF and finer fraction Pb as some 
samples did not contain sufficient whole soil for pXRF analysis or ICP-OES upon the fine 
fractions.  Once reduced, Conditional Latin Hypercube Sampling (Minasny and McBratney 
2006) based on the ICP-OES Pb data was used to split the dataset into a calibration and 
validation dataset following a ratio of 75:25. This method provided validation samples 
representative of the whole Pb data distribution.   
The prediction method chosen for this study was Cubist, which is a rule-based regression 
method derived from Quinlan’s (1993) M5 algorithm.  Similar to a regression tree the Cubist 
algorithm splits variables (predictors) into groups possessing similar properties, known as 
‘terminal nodes’ (Malone et al., 2017).  Unlike a regression tree though, for every terminal 
node an optimised linear model is produced, forming a set ‘rule’ rather than a discrete value 
(Minasny and McBratney, 2008).  If the variable does not fit within this rule it passes to the 
next node and rule until the final model possesses the lowest possible error (Malone et al., 
2017).  Cubist is able to provide a definitive model and describe the modelling process well 
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and so it has been used in studies for predictions stemming from pXRF and vis-NIR spectra 
(Minasny and McBratney, 2008; O'Rourke et al., 2016).  
Throughout the modelling processes, untransformed ICP-OES data were used; this is because 
Cubist is known to effectively manage outliers and skewed distributions (Minasny and 
McBratney, 2008).  Cubist models included calibrating the spectral datasets with 
untransformed ICP-OES Pb data; first separately for pXRF and vis-NIR spectra, and then with 
the concatenated vis-NIR and pXRF spectra (Figure 3.2).  In the case of the models using the 
principal components as predictors, the number of PCs which explained 95% of the variation 
in the original datasets were chosen.  This was performed for the pXRF and vis-NIR spectra, 
as well as a dataset containing concatenated pXRF and vis-NIR spectra.   
After suitable models were derived, model fit was compared between models calibrated using 
processed spectra and Cubist, and those calibrated using both PCA and Cubist upon processed 
spectra. PCA was run using the “prcomp” function within the “stats” package in R (R Core 
Team, 2016), the Cubist modelling method was sourced from the Cubist package in R (Kuhn 
et al., 2016).  All Cubist models underwent bootstrapping- a method which simulates instances 
of the calibration dataset and conducts repeated random sampling with replacement for each 
simulation (O'Rourke et al., 2016).  A total of 50 simulations was selected for bootstrapping, 
with the calculated mean of the bootstrapping predictions subsequently used in model 
averaging.   
 
3.2.5 Model averaging 
As an approach to facilitate integration of spectra from vis-NIR and pXRF, mean model 
predictions acquired from bootstrapping were used for Granger-Ramanathan averaging (GRA; 
Granger and Ramanathan (1984)).  This method fits a multiple linear regression on the 
averaged model predictions, which provides weights of the predictors to be used in the below 
equation (eqn.1) to predict Pb content (Malone et al., 2014; O'Rourke et al., 2016):  
)()(0 DSDSSKSK XWXWWY  ,                 (1) 
where Y is the lead concentration predicted through model-averaging, W0 is the y-intercept 
derived from the linear model, WSK and XSK are the respective vis-NIR weighting and 
predictions, WDS and XDS are the respective weighting and predictions for pXRF. From here, 
Chapter 3: Integration of vis-NIR and pXRF spectrometry for enhanced accuracy of soil lead measurements 
 
 
62 
 
the model averaged predictions were validated against the ICP-OES data, the goodness of fit 
determined, and then compared to the other models (Fig. 3.2).  
3.2.6 Model comparison and uncertainty 
A prediction consists of a point estimate and an interval estimate (or uncertainty), for example 
the 95% prediction interval.  To assess the quality of the point estimates we used Lin's 
Concordance Correlation Coefficient (LCCC; Lin (1989)), Root Mean Square Error (RMSE), 
Mean Error, and the Ratio of Performance to inter-quartile range (RPIQ; Bellon-Maurel et al. 
(2010)).  Cubist predictions were based upon the mean of the bootstrap simulations, whereas 
for model-averaged predictions, statistics were calculated upon the single predictions.  
The empirical quantiles of the bootstrap predictions for each site were used to calculate a 
selection of prediction intervals (i.e. interval estimates) at 99%, 95%, 90%, 80%, 70%, 60%, 
50%, 40%, 30%, 20%, 10%, and 5%.  To test the quality of the interval estimate, the prediction 
coverage probability was calculated by counting the number of observations in the validation 
set which lay within the upper and lower interval (Shrestha and Solomatine, 2006).  The 
prediction coverage probability should be close to the associated prediction interval, for 
example a model with a good estimate of uncertainty would have a 95% coverage probability 
for a 95% prediction interval. 
 
3.3. Results 
3.3.1 Exploratory analysis 
Table 3.1 presents the summary statistics for Pb for both whole and fine fractions, and the 
associated calibration and validation datasets.  Mean and median Pb concentrations were higher 
for the finer fraction samples, however the maxima were higher within the whole fraction 
samples.  Skewness of the two datasets were very high and similar in magnitude, however 
transformations were not required as Cubist is known to manage highly skewed data (Minasny 
and McBratney, 2008).  Mean, median and the third quartiles of whole and fine fraction 
samples did not exceed the most conservative Australian guideline value of 300 mg kg-1 
(NEPC, 1999), however there was a small portion (7%) of whole fraction samples which did 
exceed the guide.  
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Table 3.1. Summary statistics for Pb (mg kg -1) derived from whole and fine fractions using ICP-OES.   
Dataset n Mean Min Q1 Median Q3 Max Skewness 
Whole fraction Calibration 304 142.9 5.0 26.6 54.6 104.9 9653.0 14.1 
Validation 101 143.2 3.2 28.4 60.3 128.5 2305.0 5.4  
         
Fine fraction Calibration 293 155.5 6.0 33.0 64.0 120.0 9400.0 13.6 
Validation 99 150.7 5.0 36.0 63.0 150.0 1900.0 4.7 
Note: Whole fraction refers to samples sieved to 2mm and fine fraction refers to samples sieved to <62.5µm. 
 
3.3.2 Model performance 
3.3.2.1 Direct prediction of whole fraction Pb 
Table 3.2 presents the prediction quality of the point estimates for the whole fractions.  Overall, 
the model accuracy (RMSE) is quite large considering the median and mean values in the 
validation dataset.  The models produced also have relatively similar calibration and validation 
statistics, indicating that model predictions were relatively stable with little evidence of over-
fitting.  Based on the RMSE the best model was from model averaging of PCA- selected vis-
NIR and pXRF spectra (RMSE=89.70 ; Table 3.2).  This model was also unbiased (0.00) and 
produced the highest LCCC (0.94) and RPIQ (0.36).   Model averaging proved better than 
concatenation of pXRF and vis-NIR prior to feature extraction and calibration, producing a 
slightly higher RMSE of 91.98 and bias of 7.02 (results for concatenated spectra processed 
with PCA prior to Cubist).  Model averaging resulted in a 2.5% decrease in RMSE when 
compared to spectral concatenation.  
 
Table 3.2. Point estimate prediction quality for whole-fraction samples.  
Treatment Model input LCCC RMSE Bias RPIQ   LCCC RMSE Bias RPIQ 
Pb (whole)  Calibration  Validation 
pXRF Spectra 0.91 211.59 -11.48 0.13  0.87 140.28 17.29 0.23 
15 PCs PCA 0.88 240.94 -16.89 0.12  0.91 105.01 2.119 0.31 
NIR Spectra 0.69 376.94 3.33 0.07  0.44 253.41 -11.81 0.13 
10 PCs PCA 0.65 407.59 -5.12 0.07  0.51 300.14 6.64 0.11 
GRA Spectra 0.94 186.95 0.00 0.15  0.82 159.76 0.00 0.20 
 PCA 0.97 141.95 0.00 0.20  0.94 89.70 0.00 0.36 
Concatenation Spectra 0.91 210.70 -11.03 0.13  0.87 138.42 19.21 0.23 
15 PCs PCA 0.88 245.83 -10.35 0.11  0.94 91.98 7.02 0.35 
           
Compton-
normalized 
Linear           0.94 94.05 17.14 0.34 
Note: GRA refers to Granger-Ramanathan Model averaging; The term ‘Spectra’ refers to spectra that have been 
processed, but not feature-extracted (e.g. via PCA). 
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The use of PCA prior to Cubist modelling of the processed spectra reduced prediction error, 
rather than using Cubist directly on the processed spectra. For all predictive models the RMSE 
and bias were better when analysed with PCA prior to Cubist, except when Pb was predicted 
using vis-NIR spectra alone, which produced a lower RMSE, but bias further from zero (RMSE 
= 253.41, bias = -11.81).  The use of PCA also improved the RPIQ for all models except for 
whole fraction vis-NIR spectra.  The number of PCs for each model were optimised based on 
goodness of fit results following Cubist calibration. The number of PCs selected ranged from 
10 (for NIR, whole Pb) to 16 (pXRF, fine fraction Pb).  Overall, when comparing the model 
with the lowest RMSE for PCA and Cubist, to that of Cubist only, there was 35% decrease in 
RMSE when predicting whole fraction Pb. 
The results so far have indicated that fusion of the spectra may prove beneficial. The use of 
vis-NIR alone to predict whole Pb resulted in a relatively higher amount of error and lowest 
RPIQ indicating unreliability (Bellon-Maurel et al., 2010), but the LCCC of 0.51 indicated 
there was the possibility of predicting Pb, yet this was not as strong as the LCCC and RMSE 
obtained by prediction using pXRF spectra (0.91, 105.01, respectively).  Between the use of 
pXRF spectra alone, and using vis-NIR to predict whole Pb, there was a 58.6% reduction in 
error. Although pXRF alone provided lower RMSE compared to NIR, it was still surpassed by 
model averaging, providing a 14.6% decrease in RMSE compared to pXRF alone.  
 
3.3.2.2 Use of whole fraction spectra to predict finer fraction Pb 
Spectra obtained from the whole fractions were highly useful in predicting fine fraction Pb and 
slightly better than predicting whole Pb.  Similar to predictions of whole fraction Pb, the models 
were not over-fitted, evident in comparison between the calibration and validation statistics 
presented in Table 3.3.  The most optimal model fit statistics were obtained through model 
averaging of PCA selected and Cubist-modelled pXRF and vis-NIR spectra (RMSE=86.38, 
bias=0.00).  In comparison to direct concatenation of the spectra prior to model calibration, 
model averaging decreased the RMSE by 6.24%.  
 
  
Chapter 3: Integration of vis-NIR and pXRF spectrometry for enhanced accuracy of soil lead measurements 
 
 
65 
 
Table 3.3. Point estimate prediction quality for fine-fraction samples.  
Treatment Model input LCCC RMSE Bias RPIQ   LCCC RMSE Bias RPIQ 
Pb (fine)    Calibration     Validation 
pXRF Spectra 0.93 191.94 -10.94 0.16  0.92 104.10 21.33 0.26 
16 PCs PCA 0.91 206.95 -12.63 0.15  0.92 95.70 16.28 0.28 
NIR Spectra 0.72 348.01 -6.14 0.09  0.54 218.42 -9.44 0.12 
15 PCs PCA 0.73 346.61 -17.53 0.09  0.72 215.97 8.59 0.13 
GRA Spectra 0.98 112.10 0.00 0.28  0.92 96.85 0.00 0.28 
 PCA 0.97 130.27 0.00 0.24  0.94 86.38 0.00 0.31 
Concatenation Spectra 0.93 188.96 -10.05 0.16  0.92 105.25 25.35 0.26 
12 PCs PCA 0.93 191.21 -8.77 0.16  0.92 92.12 6.54 0.29 
           
Compton-
normalized 
Linear           0.94 96.32 20.24 0.38 
Note: GRA refers to Granger-Ramanathan Model averaging; The term ‘Spectra’ refers to spectra that have been 
processed, but not feature-extracted (e.g. via PCA). 
 
As with calibration for whole fraction Pb, PCA prior to Cubist modelling to predict Pb resulted 
in lower prediction error compared to use of Cubist alone.  The benefit of using PCA prior to 
Cubist was a 10.8% decrease in RMSE, when using the most optimal models of each. 
Also similar to the whole fraction, the use of vis-NIR alone produced the highest amount of 
error and lowest RPIQ (RMSE = 215.97; RPIQ = 0.13), but a closer bias to zero compared to 
the use of pXRF spectra alone (8.59 for NIR, 16.28 for pXRF).  The reduction in RMSE 
between the best models for pXRF and vis-NIR was 55.7%, indicating prediction with pXRF 
alone to be more suitable than with vis-NIR alone. Model averaging with PCA and Cubist 
calibrated spectra provided a 9.7% improvement in RMSE compared to calibration with pXRF 
alone.  
 
3.3.2.3 Spectral modelling vs Compton-normalised pXRF 
The use of Compton Normalisation of pXRF spectra or whole fraction soil samples provided 
comparable results to model averaging, however resulted in an increased bias (Tables 3.2 and 
3.3, Figure 3.3).  Model averaging provided a much lower RMSE and bias closer to zero 
compared to predictions obtained from Compton Normalisation, with an overall decrease in 
RMSE 4.63% for whole fractions, and 10.33% for fine fractions. 
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Figure 3.3. Predicted vs observed plots for best spectral fusion method (model averaging) (Figs. 3.3a 
and 3.3c) and Compton-normalised Pb concentrations (Figs. 3.3b and 3.3d) for whole (first row) and 
fine soil fractions (second row).  
 
3.3.3 Assessment of interval estimates 
Few, if any soil spectroscopy studies assess the quality of the prediction uncertainty or interval 
estimates.  As an illustration we focussed on proportions of predictions lying within each 
calculated prediction interval, calculated for fine and whole fraction Pb using validation 
datasets (Figure 3.4).  For whole fraction, over half the points lay within the 90% 95% and 99% 
prediction intervals, whereas less than half lay within the 80% prediction interval.  Prediction 
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of fine fraction produced slightly greater precision, with more than half of predictions lying 
within the 80% prediction interval and above.  Following the 45° line indicates optimal 
precision (Malone et al., 2011).  Neither whole nor fine fraction prediction intervals followed 
the 45° line but still increased at a near-consistent rate, indicating the results were good, but 
there is room for improvement.  Despite this, calculation of prediction intervals provided to be 
highly useful as a measure of precision and an advantage over Compton-normalised predictions 
which did not provide prediction intervals.  
 
 
Figure 3.4. Prediction interval coverage probabilities for each calculated confidence interval for whole 
(3.4a) and fine fraction (3.4b).  
 
3.4. Discussion 
3.4.1 Integration of vis-NIR and pXRF spectra 
Averaging Cubist predictions of vis-NIR and pXRF principal components improves the 
prediction of Pb to using pXRF alone.  For spectral predictions upon whole fraction soil 
samples, there was not much improvement over Compton-normalized predictions, whereas 
there was a 10.8% reduction in error for fine-fraction Pb.  The prediction error of a model can 
make a substantial difference when delineating a contaminated site, with increased error raising 
the potential for misclassification (Cattle et al., 2002; Horta et al., 2015).   
Model averaging itself has not been used for predicting elevated levels of soil heavy metals 
using pXRF and vis-NIR.  The study by O'Rourke et al. (2016) utilised Model averaging for 
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prediction of soil properties, including metal deficiencies. The study found model averaging to 
be useful for predicting lighter elements, but not as useful for prediction of heavier elements, 
such as zinc and copper.  Studies which integrated vis-NIR and pXRF using alternative 
methods and Compton-normalized pXRF output found integration to be successful, providing 
better model fit than pXRF or vis-NIR alone for prediction of other soil properties and 
petroleum contamination (Chakraborty et al., 2015; Wang et al., 2015; Weindorf et al., 2016).   
vis-NIR is highly effective and therefore commonly used for prediction of soil properties 
(Gomez et al., 2008; Minasny et al., 2011; Morellos et al., 2016; Viscarra Rossel et al., 2009), 
and the use of vis-NIR for prediction of soil heavy metal concentrations has been explored in 
the past (Bray et al., 2009; Gannouni et al., 2012; Kooistra et al., 2001; Siebielec et al., 2004; 
Wu et al., 2010).  The current study found there to be a lower accuracy when using vis-NIR 
spectroscopy alone to predict Pb concentrations, and recommend either the use of pXRF, or 
fusion of vis-NIR and pXRF spectra for improved accuracy.    
Although the fusion of vis-NIR and pXRF spectra provided a lower amount of error, the 
difference was marginal when compared to Compton-normalised pXRF output.  The 
proficiency of vis-NIR in the prediction of soil properties such as carbon and soil texture 
suggests vis-NIR and pXRF spectra may prove advantageous if quantification of other soil 
properties are required, as they commonly are part of contaminated site analysis  (NEPC, 1999; 
VROM, 2000).  
The possibility of providing prediction intervals is a major advantage of modelling the spectra 
over the Compton-normalised output which only provides a point estimate.  Provision of the 
uncertainty of predictions allows assessors to understand the underlying variation of the models 
and provide an estimate of the precision essential for hypothesis testing.  
Although it was possible to calculate prediction intervals for Cubist predictions of concatenated 
spectra, model averaging provided more accurate results.  Direct concatenation of vis-NIR and 
pXRF spectra resulted in a much larger dataset and in turn required more computation time and 
memory compared to model averaging; these results were similar to that found by O'Rourke et 
al. (2016).  Model averaging also produced a less biased and more reliable result as the two 
models are weighted based upon their regression coefficients, seeming to indirectly take into 
account that the two spectra utilise different wavelengths of the electromagnetic spectrum.  
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3.4.2 Feature extraction prior to modelling  
Extraction of principal components prior to Cubist modelling reduced prediction error and bias 
closer to zero, resulting in better model fit. Other studies have successfully used PCA for 
feature extraction and used these principal components in Cubist regression (Rossel and Chen, 
2011; Taghizadeh-Mehrjardi et al., 2014; Viscarra Rossel et al., 2016).  Furthermore, there was 
a 20-fold increase between computing time for Cubist regression of the processed spectra, 
compared to regression upon the selected principal components of processed spectra.  This, in 
addition to the reduced amount of error provided by the process would aid in the development 
of a more rapid approach to site delineation. 
 
3.4.3 Potential for prediction of fine spectra with whole samples 
Calibration of spectra to fine fraction Pb provided lower prediction error compared to whole 
fraction Pb, however this was marginal.   As particle size decreases, there is a greater surface 
area for which metal ions are able to adsorb to and so particle size needs to be considered 
(Barbanti and Bothner, 1993; Birch et al., 2000; Förstner and Wittmann, 1981; Taylor et al., 
2010).  Many studies which have used pXRF have sieved or ground their samples prior to 
analysis (Birch and Scollen, 2003; Yang and Cattle, 2015) and it is recommend by some that 
soil samples are sieved to obtain uniform particle size for pXRF analysis as varying particle 
size can affect reliability of comparisons between samples (U.S. EPA, 2007).  Therefore, if 
finer fractions are required, fewer samples could be sieved and then used to calibrate the 
remaining coarse fraction samples, thus reducing time and cost.   
 
3.5. Conclusion 
Integration of pXRF and Vis-NIR spectra via Granger-Ramanathan model averaging provided 
more accurate predictions of fine and coarse fraction Pb compared to the output provided by 
the in-built Compton Normalization of pXRF spectra.  Calculation of prediction intervals from 
bootstrap predictions is able to provide an indication of the model accuracy.  Although it was 
possible to calculate prediction intervals for the concatenated vis-NIR and pXRF Cubist 
predictions, model averaging was a more parsimonious method.  Vis-NIR has been deemed 
successful by some studies, but it did not provide more accurate results than use of pXRF alone, 
or model averaging.  The use of PCA prior to Cubist modelling of each spectra provided a 
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simpler output with lower error compared to Cubist modelling with the unreduced spectra and 
so the potential of these methods in combination is worth exploring.  Furthermore, the accuracy 
of spectral predictions could be improved through calibration with representative spectral 
libraries.  There is a large amount of potential for the use of spectroscopy to reduce the number 
of samples requiring hazardous sample preparations for ICP-OES analysis.  PXRF is widely 
used for elemental analysis, and spectral fusion of this with vis-NIR spectra makes it possible 
to obtain more accurate predictions and ancillary information, which are essential to prevent 
site misclassification and potential human harm.  
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Abstract 
The human population is increasing globally and land use is changing to accommodate for this 
growth.  Soils within urban areas require closer attention as the higher population density 
increases the chance of human exposure to urban contaminants.  One such example of an urban 
area undergoing an increase in population density is Sydney, Australia. The city also possesses 
a notable history of intense industrial activity.  By integrating multiple soil surveys and 
covariates into a linear mixed model, it was possible to determine the main drivers and map 
the distribution of lead and zinc concentrations within the Sydney estuary catchment.  The main 
drivers as derived from the model included elevation, distance to main roads, main road type, 
soil landscape, population density (lead only) and land use (zinc only).  Lead concentrations 
predicted using the model exceeded the established guideline value of 300 mg kg-1 over a large 
portion of the study area with concentrations exceeding 1000 mg kg-1 in the south of the 
catchment.  Predicted zinc did not exceed the established guideline value of 7400 mg kg-1; 
however concentrations were higher to the south and west of the study area.  Unlike many other 
studies we considered the prediction uncertainty when assessing the contamination risk.  
Although the predictions indicate contamination over a large area, the broadness of the 
prediction intervals suggests that in many of these areas we cannot be sure that the site is 
contaminated.  More samples are required to determine the contaminant distribution with 
greater precision, especially in residential areas where contamination was highest.  Managing 
sources and addressing areas of elevated lead and zinc concentrations in urban areas has the 
potential to reduce the impact of past human activities and improve the urban environment of 
the future. 
 
4.1 Introduction  
The human population is rapidly increasing around the world and majority of people reside 
within urban areas (United Nations, 2015). To accommodate for this increase, population 
density in cities is growing and outer urban areas are sprawling, often involving land use change 
from rural or industrial to urban land and loss of greenspace (Pauleit et al., 2005).  Land use 
change can disturb the soil profile and alter soil properties, while resulting in increased areas 
of hard, impermeable surfaces such as asphalt and concrete.  Soil disturbance and increased 
impermeable surfacing amplifies water runoff within a hydrological catchment, increasing the 
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chances of pollution, sedimentation and greater turbidity in waterways (Jartun et al., 2008; Shi 
et al., 2007).  
Chances of human exposure to soil contaminants are increasing as more people either choose, 
or are forced to reside in areas that have a history of industrial activity, or near areas of high 
atmospheric deposition of contaminants (e. g. near busy roads). Effects of contaminants vary 
depending on the type and concentration.  If absorbed to large enough concentrations within a 
body, the contaminant may be toxic, resulting in cancer, developmental problems, 
abnormalities or death of those affected (Aelion et al., 2008; Laidlaw and Taylor, 2011; UWE, 
2013).  It is therefore important to plan urban growth and development in order to decrease risk 
of human exposure to contaminants and risk of contaminants entering the natural environment.  
Many countries, for example, Canada, Australia and the Netherlands, have legislative 
requirement that if a site contains contaminants over agreed guideline values, the site must be 
managed and remediated (BC MoE, 2014; NEPC, 1999; VROM, 2000).  
Previous studies have investigated contaminant distributions within a city through sampling 
and interpolation of chemical data (Birch et al., 2011; Bourennane et al., 2006; Cattle et al., 
2002; Lark and Scheib, 2013; Manta et al., 2002).  Most investigations have observed heavy 
metals as they are able to remain in the soil for extended periods and so present a greater risk 
in urban areas years after the source has ceased (Wang et al., 2005).  Once soil chemical 
concentrations are quantified, the contaminants can be mapped, analysed using spatial statistics 
and interpolated to determine areas of elevated concentrations.  Current interpolation methods 
are effective in reducing the number of samples required, however due to the cost of site 
assessment, hazardous nature of laboratory analytical methods and large cost of remediation, 
there is potential for improvement in the precision of mapping of contaminants, both site- and 
city-wide (Horta et al., 2015). 
Precision could be improved by integrating spatially dense covariates into the spatial model, 
forming a linear mixed model (LMM).  Covariates are potential predictors which may be 
related to natural factors, such as soil texture, or anthropogenic factors, such as proximity to 
roads and land use.  Use of spatially dense covariates allows finer scale predictions, rather than 
estimating mean metal concentration, or interpolating over a broader area.  Integrating 
covariates into a model helps determine drivers of contaminant distribution, which may enable 
investigators to improve source management, thus reducing further contaminant input and 
exposure (Lacarce et al., 2012; Maas et al., 2010).  
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It is also important to understand the uncertainty of the predicted distributions.  Past studies 
that have assessed contaminant distribution in cities include those by Lark and Scheib (2013), 
Birch et al. (2011) and Manta et al. (2002).  These, like many other studies have presented 
maps of distribution, which is a point estimate, but have not addressed uncertainty of these 
predictions in terms of an interval estimate or prediction interval and the likelihood of 
exceeding threshold values.  It is critical that maps include both a prediction and an associated 
prediction interval as it gives end users an understanding of the reliability of the predictions, 
which may help improve management decisions to address contamination.  With such a high 
and ever-increasing risk of exposure to contaminants in urban areas, it is essential to use the 
most precise and up-to-date methods for mapping contamination in cities with high population 
growth.  
Sydney, Australia, similar to many other cities around the world, has a rapidly increasing 
population and a long history of industrial activity, resulting in considerable land use change 
over the past two hundred years.  Colonised by Europeans in 1788, urbanisation and 
industrialisation slowly spread along the city’s main arterial river - the Parramatta River.  As 
time progressed, areas in Sydney that were historically used for industry were replaced by 
housing and greenspace for the growing population (Birch et al., 2015a; Birch et al., 2015b).  
A wide variety of industries, such as chemical factories, abattoirs, gas works and munitions 
have adversely affected catchment soil and aquatic sediments (Birch et al., 2000; Birch and 
Taylor, 1999; Birch and Taylor, 2002; Danis et al., 2014; McCready et al., 2006; McCready et 
al., 2004; McLoughlin, 2000).  
It is essential for local governments to prevent risk of exposure of residents to historical soil 
contaminants. Two ways to aid this include mapping areas that have potentially elevated heavy 
metal concentration and determining the drivers of metal distribution.  
With these ideas in mind, the current study aimed to: 1. Combine a number of datasets that 
have assessed soil Pb and Zn content in Sydney, Australia; 2. Develop a spatial prediction 
model using covariates to investigate the drivers of Pb and Zn distribution in Sydney; 3. Use 
this model to predict Pb and Zn distribution onto a grid, providing both a point estimate and 
interval estimate, to identify areas where contaminant concentrations exceed guideline values. 
The information provided by this study will provide a starting point for investigation and 
management of contaminant sources in urban areas. 
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4.2 Methods 
4.2.1 Study area 
The Sydney estuary catchment (approximately 500 km2), has a mean population density of 
2,000 people per square km and a total population (as of the 2011 census) of 1.42 million 
people (ABS, 2011).  Land uses include residential (50%), greenspace (24%), industrial (7%) 
and other uses, such as commercial and recreational land (19%) (NSW Department of Planning 
and Environment, 2016).  Soils in the catchment are predominantly comprised of Technosols, 
Podzols, Arenosols, Cambisols and Lixosols (Bannerman and Hazelton, 1990; Chapman and 
Murphy, 1989; Isbell et al., 1997; IUSS Working Group WRB, 2015).  The region’s geology 
consists of Hawkesbury Sandstone, alluvial sediments and Wianamatta Group shale and 
sandstone, with Igneous rocks occurring in a small portion in the south-west of the study area  
(Bannerman and Hazelton, 1990; Chapman and Murphy, 1989).  
 
4.2.2 Data compilation 
4.2.2.1 Soil data 
The soil data were compiled from six surveys (Table 4.1).  Samples were taken from the topsoil, 
ranging from 2 to 10 cm in depth, and chemically analysed by aqua regia digestion using ICP-
OES (USEPA Method 200.8 modified) spectrometry.  Quality Assurance and Quality Control 
(QA/QC) methods are described in detail in the references for each of the studies in Table 4.1.  
The studies quantified a range of metals, with Pb and Zn being consistently recorded in all 
studies, hence this study will focus on these elements. 
 
Table 4.1. Summary of soil data sources. 
 
Data source 
Year 
collected 
Sample Depth 
(cm) 
n 
Survey 
area (km2) 
Sample density 
(point/km2) 
% coverage of 
study area 
Birch (in-house data) 2003 2 33 3.29 10.03 0.63 
Birch et al. (2011) 2009 2.5 491 520.65 0.94 100 
Hodge (2002) 2002 2 186 27.46 6.77 5.27 
Markus and McBratney (1996) 1993 10 438 2.29 191.27 0.44 
Snowdon and Birch (2004) 2004 2.5 374 15.09 24.78 2.90 
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Sampling density varied due to differing objectives of each study.  The data used in Birch et 
al. (2011) covered the entire catchment and used a coarser semi-grid sampling scheme, whereas 
the other studies used more intensive sampling over smaller study areas (Figure 4.1).  By 
combining these spatially varied datasets, small-scale clustering became evident.  Furthermore, 
the majority of samples were taken from the southern side of the catchment, resulting in larger-
scale clustering.  This clustering, along with variation of point and diffuse contamination can 
present as peaks in a variogram model which may in turn prevent development of a model that 
is applicable on a larger scale (Marchant et al., 2010).  Methods to reduce the potential effects 
of clustering are described in Section 4.2.4. 
 
 
Figure 4.1. Soil sample locations; each colour identifies the original study. 
 
4.2.2.2 Covariate data 
For inclusion into the linear mixed models, covariates were obtained from a range of sources 
and are of differing spatial resolutions (Table 4.2).  Following transformation to a uniform 
coordinate projection system, additional covariates were derived from: Road network data 
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(main roads extracted), Digital Elevation Models (DEM) (slope, aspect, and curvature) and a 
depressionless DEM (Topographic Wetness Index, TWI; Multi-resolution Valley Bottom 
Flatness index, MRVBF; and Multi-resolution Ridge Top Flatness, MRRTF). SAGA-GIS 
version 2.0.8 (www.saga-gis.org/en/index.html) was used to derive the additional covariates 
from the DEM and the depressionless DEM. 
 
Table 4.2. Summary of covariates available for model development.  
Covariate  Source Spatial scale Derived covariate 
X, Y (spatial 
coordinates) 
Sources of sample data 
presented in Table 4.1 
N/A N/A  
DEM (Geoscience Australia, 2011b) 
derived from 1 second RTM 
Raster, 1 arc second 
/30m grid 
Digital elevation model  
Slope  
Aspect  
Plan curvature 
Profile curvature  
   
   
   
   
HDEM (Geoscience Australia, 2011a) 
 
derived from 1 second RTM 
Raster, 1 arc second 
/30m grid 
MRVBF  
MRRTF 
TWI 
Catchment 
   
   
   
Australian Population 
Grid - Usual resident 
population  
(ABS, 2011) Grid, 1 km2 pixels Population density 
Roads (Google OSM, 2015) Lines Road type 
Distance of sample to nearest road 
Main road type; extracted primary, 
secondary, trunk and highway 
Distance of sample to nearest main 
road 
   
   
   
Soil Landscape  (Chapman et al., 1989; 
Hazelton et al., 1989) 
Polygons, 1:100000 Soil Landscapes- merged Sydney and 
Penrith maps 
Subcatchments within 
the Sydney estuary 
Catchment  
(Birch et al., 2015b) Polygons Polygons of each subcatchment  
Surficial 
Hydrogeological Unit 
(BOM, 2014) 1:250,000 and based 
on 9s DEM 
Underlying lithology 
Land use - Zoning (NSW Department of Planning 
and Environment, 2016) 
Polygons Aggregated land use data 
Note: Spatial coordinates included into model to account for residual variation. MRVBF=Multi-resolution Valley 
Bottom Flatness Index; MRRTF= Multi-resolution Ridge Top Flatness Index; TWI= Topographic Wetness Index.  
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The covariates were combined into a separate dataset and values of each covariate extracted 
based on corresponding point locations within the sample and grid datasets.  The grid dataset 
comprised a set of points at 30m intervals across the study area and was used for interpolation 
of the predicted soil data.  Finally, further ancillary covariates were derived based upon the 
road covariates; namely distance of sample/grid points to all roads and distance to main roads.  
 
4.2.3 Data clean up and preparation 
4.2.3.1 Soil data clean up 
R programming language (R Core Team, 2016) was used for analyses and data preparation. 
Due to the likelihood of point source contamination and therefore outliers, octile skewness 
(Brys et al., 2003) was used to assess the distribution of the metal variables.  If the octile 
skewness lay outside the bounds [-0.2, 0.2], as suggested by Lark and Bishop (2007), they were 
log transformed.    The octile skewness for Pb and Zn lay outside the set boundaries and were 
therefore transformed.  Residual Maximum Likelihood Estimation (REML), which was used 
to fit the linear mixed models, has the assumption of normally distributed data and therefore 
log-transformed Pb and Zn were used for analyses.  
Following transformation, the point data were separated into calibration and validation subsets 
to enable independent validation of the model after calibration.  Subsets were obtained using 
conditioned Latin hypercube sampling, which selects locations in attribute space that represent 
the distribution of multiple variables (Minasny and McBratney, 2006). In this case we used 
TWI, land use, road type and soil landscape, as these attributes were among those thought to 
be contributing factors influencing variation in soil contamination. 
 
4.2.3.2 Predictor transformation and elimination 
Numerical predictors (i.e. covariates) were assessed for normality using skewness and those 
that were found to have a skewness outside [-0.5, 0.5] were transformed using a suitable 
method.  The purpose was to reduce the leverage of large or small values on fitted relationships.  
Covariates requiring transformation were all positively skewed and included elevation (DEM) 
and distance of sample points to all roads, which required a log transformation with a constant; 
slope required a simple log transform, and distance of points to main roads required a cube root 
transformation due to it requiring a weaker transform.  For consistency, those covariates 
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transformed in the point data were also transformed in the grid dataset using the same 
transformations once the model was developed.  
As an initial step for reducing the number of predictor variables, the numerical predictors were 
compared using Pearson correlation coefficient to reduce colinearity between predictors while 
also filtering the number of predictors required in the model.  If a pair of predictors acquired a 
coefficient greater than 0.85 (Bishop et al., 2015), the variable possessing the highest 
correlation with Pb and Zn was retained and the alternate covariate discarded from the sample 
and grid datasets. 
 
4.2.4 Modelling Pb and Zn 
Linear mixed models can be used to predict variables, in this case heavy metal content by 
accounting for a combination of fixed and random effects.  Fixed effects are the trend 
component of the model and are based on covariates, such as land use; other examples are 
provided in Table 4.2.  Random effects are based on modelling the spatial auto-correlation of 
the residuals obtained from the fixed effect term.  The model can be fitted using method-of-
moments, but the optimal fitting method is to use REML - an algorithm developed by Patterson 
and Thompson (1971) and elaborated upon by Stein (1999) and Marchant and Lark (2007).  
REML assists in removing the effect of clusters of sample locations by lowering the weighting 
of highly correlated pairs of data (Marchant et al., 2013).  It also provides an unbiased estimate 
of the standard errors of the fixed effect parameter estimates, which avoids erroneous variable 
selection and gives more realistic estimates of the prediction variance (Lessels and Bishop, 
2013).  Due to its functionality, REML was used in this study to fit linear mixed models.  
The linear mixed models were fitted using REML via the GeoR package in R (Ribeiro and 
Diggle, 2016).  Backwards elimination was used for variable selection with predictor retention 
based on Wald tests; those predictors with P-values of <0.05 were retained and implemented 
into the final model. 
REML has the capability to address clustering, however there was still potential for clustering 
due to differing sample densities, different sampling times and differing sample depths to affect 
the final model. To further address this issue, an additional covariate was created and 
temporarily added into the model.  Convex hulls were drawn around each study within the 
dataset and each datum assigned a unique letter based on whether or not its hull overlapped 
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data from other studies. Once the model was rerun with this new covariate, if the regression 
coefficients of overlapping convex hulls were significantly different to each other, it was 
expected there would be additional bias present within the model.  If there were no significant 
difference, this ‘overlap’ covariate could then be excluded from the final model. 
Once the final covariates were determined, continuous predictors were standardised to have a 
mean of 0 and standard deviation of 0.5, as suggested by Gelman (2008), to identify which 
predictors were having the largest effect on the response variable (i.e. heavy metal content). 
These standardised predictors then replaced their non-standardised counterparts in the model 
and the model was run to obtain the standardised regression coefficients. 
 
4.2.5 Model validation 
Once the model was refined and only significant predictors remained, cross-validation was 
used to assess the fit of the model.  Leave-one-out cross-validation (LOOCV) to obtain a broad 
idea of the model fit and further validation was conducted using the previously derived 
independent validation dataset.  Validation statistics used to determine goodness-of-fit 
included Lin’s Concordance Correlation Coefficient (LCCC) and root-mean-square error 
(RMSE).  These test the quality of our predictions or point estimates, however we also need to 
test the quality of estimate of the prediction variance of our interval estimates.  One measure is 
the squared standardised prediction error (SSPE) which is defined by Lark (2000) as: 
)(
))(ˆ)((
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2
2
x
xzxz
x



        (1) 
where θ(x) is SSPE at location x; z(x) is the observed value and zˆ (x) the predicted value at 
location x, σ2(x) is the prediction variance obtained at that location. 
A model where the prediction variance represents the errors of prediction would have a median 
SSPE of 0.455, and a mean SSPE of 1.0 (Lark, 2000).  While many studies test the quality of 
the predictions with measures such as RMSE, fewer test the quality of the estimates of the 
prediction interval. 
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4.2.6 Mapping Pb and Zn content in topsoils of Sydney estuary catchment 
For final prediction onto the grid, calibration and validation point data were combined and 
predicted using the Empirical Best Linear Unbiased Predictor (EBLUP), implementing the 
significant covariates into the model.  This was achieved using the gstat package in R 
(Pebesma, 2004).  To provide a more interpretable map, predicted Pb and Zn were back- 
transformed using the following equation derived from the lognormal probability density 
function (Webster and Oliver, 2007): 
))2/(exp( 2iii xy       (2) 
where yi is the back transformed prediction at point i, xi is the transformed prediction value at 
site i, and σ2i is the prediction variance at point i. 
 
4.2.7 Mapping uncertainty 
Finally, to determine the likelihood of each predicted point exceeding the contamination 
guideline value and therefore being classed as 'contaminated', the 95% prediction interval was 
calculated based on the kriged point predictions ))(ˆ( xZ and prediction variance of each 
predicted value at point x (σ2(x)):  
)96.1()(ˆ95 2 )(xxZPI        (3) 
The prediction intervals were compared with the most conservative guideline values used in 
Australian contaminated site investigation (NEPC, 1999).  Based upon the obtained prediction 
intervals and where the guideline value lay in the distribution, each point was classed as most 
likely to be clean, contaminated, or further investigation required (Figure 4.2).   
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Figure 4.2. Decision tree to determine whether site is clean, contaminated or requires further 
investigation. 
 
4.3 Results 
4.3.1 Exploratory data analysis 
Mean observed concentrations of Pb within the calibration and validation datasets exceeded 
the most conservative guideline value of 300 mg kg-1 provided in the National Environment 
Protection (Assessment of Site Contamination) Measure (NEPM 1999), whereas the median 
values did not exceed the guideline (Table 4.3). There were only two sites at which Zn 
concentrations exceeded the guideline value of 7400 mg kg-1. 
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Table 4.3. Summary statistics of calibration and validation datasets (raw and log-transformed), 
guideline value and the number of sites exceeding the guideline value.  
 Variable n Mean Median Maximum Minimum S.D. Skewness 
Octile 
Skew 
Guide 
value 
Sites exceeding 
guide value 
Calibration 
dataset 
           
Pb (mg kg-1) 1122 577.02 160.79 20278.37 3.24 1488.68 7.86 0.74 300 406 
 log- Pb  5.17 5.09 9.92 1.45 1.50 0.30 0.05   
 Zn (mg kg-1) 1122 435.22 207.39 10253.99 0.20 760.78 5.99 0.59 7400 2 
 log- Zn  5.37 5.34 9.24 0.18 1.19 -0.03 0.02   
            
Validation 
dataset 
           
Pb (mg kg-1) 400 608.41 164.29 19572.80 5.02 1509.17 7.23 0.75 300 146 
 log- Pb  5.20 5.11 9.88 1.80 1.53 0.28 0.06   
 Zn (mg kg-1) 400 480.92 215.96 6033.90 3.96 777.35 3.66 0.64 7400 0 
  log- Zn  5.39 5.38 8.71 1.60 1.26 0.00 0.06    
S.D.: Standard Deviation; Guide value: most conservative Health Investigation Level (mg kg-1) stated in NEPM (1999)  
 
Correlation analysis among covariates indicated there were no correlations greater than 0.85, 
therefore all covariates were retained for comparison with the response variables. The best 
correlations between covariates and response variables are presented in bold type in Table 4.4, 
however correlations were less than [-0.5, 0.5].  The strongest relationships for Pb and Zn 
existed with population density and distance from main roads, indicating likely significant 
predictors of contaminant distribution within the final model.  
 
Table 4.4. Correlation matrix between numerical predictors (i.e. covariates) and log-transformed 
response variables*.  
  Pb-calibration Zn- calibration Pb-validation Zn- validation 
Log-elevation -0.121 -0.155 -0.124 -0.161 
Log-slope -0.059 -0.108 -0.059 -0.115 
Aspect 0.022 0.023 0.007 -0.005 
Plan curvature -0.010 -0.030 -0.069 -0.061 
Profile curvature 0.012 -0.016 -0.134 -0.125 
MRVBF -0.113 -0.038 -0.072 -0.021 
MRRTF 0.090 0.094 0.082 0.120 
TWI 0.007 0.016 0.003 0.008 
Catchment -0.002 -0.009 0.021 0.027 
Population density 0.480 0.405 0.415 0.390 
Cube-root-distance to main road -0.381 -0.347 -0.417 -0.424 
Log-distance to all roads -0.117 -0.095 -0.162 -0.102 
* Values in bold have a Pearson correlation coefficient >0.2, indicating possible relationships between 
predictor and response variables. 
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To gain a better understanding of the relationship between response and predictors, the 
number of sites exceeding the Pb guideline value (300 mg kg-1) was calculated for each land 
use class (Table 4.5).  Only at two sites did soil Zn exceed the guideline value (7400 mg kg-1) 
and both were within residential areas.    
 
Table 4.5. Number of sites in calibration and validation datasets that exceed the guideline value for Pb 
grouped by land use class and the total number of sites located within each land use class.  
 Pb Commercial 
Enterprise 
corridor 
Environmental Industrial Residential 
Other 
use 
Unknown 
Calibration 14 5 25 59 279 18 6 
Validation 4 2 9 22 95 6 8 
Total 
exceedance 
18 7 34 81 374 24 14 
Total sites in 
land zone 
58 14 169 242 809 79 151 
Exceedance % 31.0 50 20.1 33.5 46.2 30.4 9.3 
 
Enterprise corridors comprising a mix of industrial and commercial land uses, often adjacent 
to main roads, exhibited elevated levels of Pb (50%; Table 4.5) (NSW Department of Planning 
and Environment, 2016).  The Residential class contains the second highest proportion of sites 
exceeding the Pb guideline value (46.2%). This is a concern because the potential for exposure 
is greatest in low density residential settings as these land uses are more likely to possess 
gardens and exposed soil (Laidlaw and Taylor, 2011). Although Industrial and Commercial 
classes were among the highest proportions of sites exceeding the guideline (33.5% and 31.0%, 
respectively), these sites contained a lower risk of exposure to Pb due to the ground mostly 
being covered by concrete. The lower risk allows the guideline values for these sites to be set 
higher (NEPC, 1999).  
 
4.3.2 Model calibration 
Following backward elimination of covariates, the final predictors determined for Pb were x, 
y (Eastings and Northings, respectively), log-transformed elevation, population density, main 
road type, cube-root-transformed distance to main roads, and soil landscape. Zn had similar 
predictors in the final model, however population density was a non-significant predictor and 
land use was a significant predictor. Standardised regression coefficients for the final models 
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for Pb and Zn are presented in Table 4.6. In addition, following convex-hull analysis, there 
were no significant differences detected between the regression coefficients of overlapping 
hulls; therefore the convex hull covariate was excluded from the final model and we could use 
all of the datasets in one model.  Once the model was finalised, residual diagnostics were 
assessed and it was concluded that the data were normally distributed and variances equal, 
hence assumptions for modelling were met and analysis could proceed. 
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Table 4.6. Standardised regression coefficients obtained using REML. 
Covariate   Pb Zn 
(Intercept)  5.0687 5.3424 
x x 0.2695 -0.1018 
y y -0.9606 -0.8152 
Log-elevation DEM (transformed) 0.5582 0.3536 
Population density Population density 0.2574 - 
Main road type Motorway link -0.9552 -0.5666 
 Primary -0.0303 -0.0331 
 Primary link -0.3225 0.3528 
 Secondary -0.163 -0.129 
 Secondary link -1.7102 -0.5144 
 Trunk (arterial) -0.0289 -0.0835 
 Trunk (arterial) link -0.1921 -0.2584 
Cube-root-distance to main road Distance to main roads (transformed) -0.5491 -0.4045 
Soil landscape * Blacktown -0.0701 -0.1932 
 Deep Creek 1.3463 1.0371 
 Disturbed Terrain -0.1724 -0.1278 
 Ettalong 0.0039 0.1472 
 Glenorie -0.0587 -0.0275 
 Gymea -0.301 -0.3498 
 Gymea/Lambert -0.2659 -0.1706 
 Hawkesbury -0.8058 -0.81 
 Lambert 0.3461 0.087 
 Lane Cove -0.3005 0.0556 
 Lucas Heights -0.0615 -0.0846 
 Luddenham 0.1795 -0.0923 
 Newport -0.6548 -0.673 
 Oxford Falls 1.2465 0.0873 
 Picton 0.3344 -0.0861 
 Somersby -1.1957 -0.6996 
 South Creek 0.1625 1.3261 
 Tuggerah -0.4015 -0.1772 
 Water 0.0075 0.4176 
 West Pennant Hills 0.4674 -0.123 
Land use Enterprise Corridor - 0.0179 
 Environmental - -0.2192 
 Industrial - 0.1112 
 Other Use - 0.3473 
 Residential - 0.176 
  Unknown - -0.2818 
*Note: Soil landscape naming convention is based upon characteristic soil of a locality, but occurrence of the 
landscape is not restricted to the named locality, hence some landscape names are localities outside the Sydney 
estuary catchment. 
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The standardised regression coefficients (Table 4.6) indicated that the significant predictors 
were similar for Pb and Zn. This similarity between Pb and Zn is reflected by the Pearson 
correlation coefficient of 0.867 between the two metals. Previous correlation analyses between 
metals and covariates also suggested similarities between Pb and Zn, and with possible 
significant predictors (Table 4.4). The relationship between distance to main roads and 
concentrations of Pb and Zn was moderately strong and in addition, the modelled regression 
coefficients for this predictor were significant (Table 4.6).  Furthermore, the type of road was 
significant and further supports the notion that traffic density has an impact upon Pb and Zn 
concentrations in these catchment soils.   
Land use classes were only significant for Zn (Table 4.6) and included ‘other use’ which 
consists of mixed commercial, industrial and residential areas, development sites and some 
government-owned land. The other two more important categories within the land use class 
were ‘residential’ and ‘industrial land’.  
Soil landscape may be a significant predictor for Pb and Zn concentrations due to the link 
between metals and clay content, organic matter and soil pH (Hazelton and Murphy, 2011).  
Relatively higher coefficients included ‘Deep Creek’ and ‘Oxford Falls’ soil landscapes.  These 
occur over small portions of the study area and are both fluvial landscapes susceptible to 
flooding and elevated water tables, which in turn facilitate accumulation of potentially 
contaminated sediments (Chapman and Murphy, 1989).     
The final sets of significant predictors for each metal were used to fit isotropic semivariograms 
to the calibration dataset (Table 4.7).  Based on the lowest Akaike Information Criterion (AIC), 
Exponential models were chosen for both Pb and Zn as the most suitable semivariogram model 
required for fitting in REML.  Nugget semivariance was relatively high, possibly due to 
unmanaged outliers in the spatial distribution.  
 
Table 4.7. Semivariogram parameters for models fitted using REML. 
  Model  Nugget (C0) Sill (C0+C) Range (m) 
Pb Exponential 0.9668 1.3486 129.2 
Zn Exponential 0.6102 0.9374 233.9 
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4.3.3 Model validation 
For each modelled metal, leave-one-out cross-validation (LOOCV) was applied using the 
calibration dataset, followed by EBLUP using the independent validation dataset. To assess the 
model quality, RMSE, Lin's Concordance Correlation Coefficient and SSPE mean and median 
values were used (Figure 4.3).  For the validation methods, LCCC for Pb and Zn were similar 
and greater than 0.5, indicating a relatively high correlation for both models. The median 
SSPEs for Pb and Zn were slightly less than 0.455, indicating possible influence of spatial 
outliers.  Nevertheless, mean SSPEs were very close to 1.0, indicating a relatively good model 
fit for both Pb and Zn.  This suggests that the prediction variance from the linear mixed model 
represented the model errors well and that we could use the prediction variance and derived 
95% prediction interval in the ensuing analysis. 
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Figure 4.3. Validation results for Pb (top row) and Zn (bottom row), for methods LOOCV (3a and 3c) 
and independent validation (3b and 3d).   
 
 
 
 
Chapter 4: Modelling drivers and distribution of lead and zinc concentrations in soils of an urban catchment 
(Sydney estuary, Australia)  
 
97 
 
4.3.4 Areas for further investigation 
Following validation, maps of Pb and Zn distribution were predicted onto the grid dataset using 
EBLUP (Figure 4.4a and 4.4b).  For predicted Pb, a large proportion of the study area exceeded 
the NEPC (1999) guideline value, whereas predicted Zn exhibited elevated concentrations over 
a large proportion of the catchment, but did not exceed the guideline value.  Relatively higher 
concentrations for both Pb and Zn were located in the south-east of the catchment. Artefacts 
were evident in the maps, most notably in the north-west of the Zn distribution map (Fig. 4.4b), 
which could be attributed to a significant soil landscape category present to the east, yet also 
occurring to the west in the location of the artefact.  Considerably lower concentrations of Pb 
and Zn were located to the north-west of the catchment, most likely due to lower population 
density and the area having been recently urbanised, compared to areas closer to the mouth of 
the river.  Despite obtaining a valid model and map, it was important to consider the uncertainty 
of predictions by determining the likelihood of contamination across the catchment.  
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Figure 4.4. Map of Pb (4a.) and Zn (4b.) distribution in Sydney predicted using EBLUP.   
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The likelihood of contamination determined using the decision tree (see Figure 4.2) is 
presented in Figure 4.5.  Most of the study area was classed as ‘possibly contaminated’ and 
‘possibly uncontaminated’ by Pb (Fig. 4.5a), thus indicating further investigation may be 
required.  The inability of the predictions to be more definitive was likely to be a consequence 
of unmanaged bias in the model, or insufficient data.  As a result the prediction intervals were 
large for the higher concentrations and it was not possible to class any area as 'contaminated'.  
The majority of the study area was classed as ‘uncontaminated’ for Zn (Fig. 4.5b), which was 
expected as no predicted concentrations exceeded 5000 mg/kg, however there were small areas 
to the south and west of the study area that were classed as ‘possibly contaminated’. 
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Figure 4.5. Predicted likelihood of Pb (5a) and Zn (5b) exceeding guideline values. Note the absence 
of areas classed as 'contaminated', there were only sites classified as 'uncontaminated' or ‘possibly 
contaminated’ (requiring further investigation). 
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4.4 Discussion 
4.4.1 Drivers of Pb and Zn distribution in the Sydney estuary catchment 
Upon initial investigation of observed values, the land use class with the second-highest 
proportion of sample points exceeding Pb guideline values was ‘residential’, which is a 
combination of low-, medium- and high-density housing. The high proportion of exceedance 
is a concern for low- and medium-density residential as inhabitants are more likely to come 
into contact with the soil.  High-density residential settings include apartments and high-rise 
buildings; the soil in these locations is more likely to be covered by concrete and present a 
lower risk of contact with exposed soil.  
Following modelling the main drivers of Pb and Zn distribution in Sydney were roads and 
traffic density, elevation, soil landscape and land use (Zn only) and population density (Pb 
only).  Numerous studies have determined traffic and roads as important influencing factors of 
heavy metal soil contamination (Birch et al., 2011; Luo et al., 2015; Sun et al., 2010), especially 
prior to the ban on leaded petrol.  Contaminants resulting from traffic and roads may be 
distributed from the source not only through runoff, but also via atmospheric deposition 
(Nabulo et al., 2006; Sabin et al., 2006), supporting the significance of the 'distance to main 
roads' predictor within the model.  
Elevation and soil landscape also proved to be significant drivers of contamination.  Soil is 
transported by runoff and accumulates at lower elevations, often in urbanised valleys where 
soil permeability is low (Wong et al., 2006). The most significant predictors within the soil 
landscape covariate were swampy areas prone to soil waterlogging.  Waterlogging can alter 
soil pH and therefore affect heavy metal bioavailability and mobility (Phillips, 1999; Rajmohan 
et al., 2014).  Swampy environments have a direct interaction with waterways, and elevated 
water table in these areas increase risk of contaminants passing through to the groundwater 
(Hazelton and Murphy, 2011). 
Land use class was only significant for Zn and not Pb, which was unexpected as these metals 
are often correlated with each other and therefore frequently share a common source (Hu et al., 
2013; Lu et al., 2003).  Previous studies have also linked land use to elevated metal 
concentrations in the soil (Atapour, 2015; Facchinelli et al., 2001; Guagliardi et al., 2015; Lin 
et al., 2002; Snowdon and Birch, 2004).  The unexpected finding may have been a result of 
differing contaminant sources, interactions between other covariates in the model, or due to 
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unavailable zoning data within the land use dataset (land use class 'unknown' represented 
20.4% of catchment).  
In contrast, population density was only significant for Pb.  The study by Lacarce et al. (2012) 
also found a relationship between population density and Pb; however the study did not 
quantify Zn concentrations. The significance of population density is most likely a reflection 
of the longer history of industrial activity in areas closer to the Sydney CBD which also have 
a higher population density. It could also be linked with the presence of older houses closer to 
the CBD, which up until 1950, were coated in paint containing up to 50% Pb (Taylor et al., 
2011).  The studies of Taylor et al. (2011) and Laidlaw and Taylor (2011) have addressed the 
use of lead paint in houses and described impacts upon those residing in affected houses.  As 
people move closer to the city, it will become increasingly important to monitor Pb and Zn 
distribution in the future.  
 
4.4.2 Predicted distribution of Pb and Zn 
Highest predicted Pb and Zn concentrations were present in the south of the study area, most 
likely due to the presence of more intensive industry and urbanisation over time, as described 
in greater detail by Snowdon and Birch (2004).  The studies by Cicchella et al. (2008), Manta 
et al. (2002) and Marchant et al. (2011b) focussed on urban areas and also detected elevated 
concentrations of Pb, many exceeding set guideline values, across a large portion of the 
associated study areas, with greater concentrations occurring closer to urban centres. Zn was 
more evenly spread across the study area compared to Pb, however it occurred in 
concentrations much lower than the established guideline value and majority of the catchment 
was classed as ‘uncontaminated’ (Fig. 4.5b), therefore presenting minimal risk. The study by 
Atapour (2015) also found Zn to be elevated, and similar to the current study, the 
concentrations did not exceed Australia’s guideline of 7400mg kg-1.   
In contrast, soil Pb exceeded the guideline value over a large portion of the study area, 
indicating that population residing in the affected area is at risk of exposure to elevated Pb, 
which if absorbed following soil ingestion, can result in elevated blood Pb content.  Elevated 
blood Pb affects children to a greater extent compared to adults as children are more likely 
ingest soil (Reis et al., 2014).  With the number of younger families living within the catchment 
it may pose an increased risk of child developmental issues and a higher crime rate (Nevin, 
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2007; Zahran et al., 2013).  The degree to which Pb and other contaminants are absorbed is 
dependent on bioavailability.  The values ascertained in this study provide total concentrations 
rather than bioavailable and so this must be taken into account when observing the provided 
concentrations and determining risk of exposure and absorption.   Researchers have called for 
a decrease in the Australian guideline value as Pb concentrations below guidelines are having 
a greater impact on human health than originally thought (Taylor et al., 2012) and existing 
recommendations are less conservative than other established guidelines around the world (BC 
MoE, 2014; CCME, 1999). 
Although predicted Pb concentrations exceeded guideline values, prediction intervals indicate 
uncertainty of this exceedance.  Taking prediction intervals into account reduces instances of 
misclassification and therefore overall cost of remediation.  It is therefore important to not only 
develop a valid map of concentration, but also to consider the uncertainty of predictions.  
 
4.4.3. Model validation and uncertainty 
The two models obtained in this study had validation statistics close to the desired values for 
both leave-one-out cross-validation and independent validation, thus producing valid maps. 
However, a median SSPE less than 0.455 indicated the models were still affected by remaining 
spatial outliers (Marchant et al., 2011b). In future for improved model fit it would be useful to 
explore more robust methods of estimation. Examples include winsorizing (Hawkins and 
Cressie, 1984; Marchant et al., 2010; Saby et al., 2011) and robust variogram estimation using 
the Georob package in R (Papritz and Schwierz, 2016). Robust methods focus on modelling 
the underlying trend rather than extreme values, but this may result in model predictions 
missing the extreme values. We therefore recommended that contaminant components (i.e. 
extremes and underlying variation) be separately modelled using robust methods (Marchant et 
al., 2011b), or through copula-based modelling (Marchant et al., 2011a).  These options are 
worth exploring when mapping heavy metal distributions that contain outliers resulting from 
possible point source inputs.   
In addition to validation, the novel method of assessing uncertainty used in this study was 
relatively easy and provided interpretable results. It successfully showed areas in which there 
was a high degree of uncertainty relating to the prediction intervals. Another option is indicator 
kriging but this provides only a probability for a specific threshold and does not take prediction 
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intervals into account (Lin et al., 2010; Tavares et al., 2008).  Providing a prediction and 
prediction interval is a more flexible output in terms of assessing if a threshold is exceeded but 
also informs end users by how far the threshold is exceeded.  It can also be used for multiple 
thresholds unlike indicator kriging which requires separate models for each threshold value. 
4.5 Conclusions 
This study has successfully used a number of datasets to create and present validated maps of 
Pb and Zn distribution showing elevated levels of Pb and Zn throughout the Sydney estuary 
catchment.  The distributions are most likely results of soil landscape, elevation, past and 
present land use and traffic density, the latter of which is only going to increase risk of soil 
contamination over the coming years with growing population density.  Overall, linear mixed 
models are a suitable method for mapping large scale, diffuse trends of Pb and Zn 
concentrations.  In addition to validation, the novel method of assessing uncertainty used in 
this study was relatively easy and provided interpretable results.  The derived models and 
resulting maps are effective to use as a starting point for further investigation into contaminant 
distribution in urban areas, not only for Pb and Zn, but for a range of other contaminants.  
Determining likely influences of heavy metal distribution has potential to improve management 
capability, therefore minimising impact upon the humans and the environment in the future 
despite the ever-changing state of the urban environment. 
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Abstract 
The greater the population, the more waste is produced and it is our responsibility to manage 
landfills to reduce impact upon humans and the environment. Impacts may stem from 
contaminants leaching out of the landfill, or may be a result of erosion of the topsoil and 
capping covering the landfill.  Bicentennial Park, located in Sydney, Australia is an example 
of a landfill remediated in the 1980’s and transformed into extensive parklands. The park has 
an efficient leachate system, however there are concerns for soil erosion on the tops of hills 
and along slopes.  Over the years the park has been surrounded by remedial and construction 
activity, and is also bordered by an arterial road, suggesting potential for atmospheric 
deposition of contaminants.  Monitoring of this site is important, especially as the adjacent 
wetlands contain endangered flora and fauna. A method of monitoring presented in this study 
was through the use of bivariate linear mixed modelling integrating heavy metal (arsenic – As, 
lead – Pb, zinc – Zn) data from 1990 (n = 144) and 2015 (n = 60), as well as potential 
influencing factors as predictor variables.  This method is similar to linear mixed modelling 
however it also accounts for the covariance between each time period to facilitate improved 
hypothesis testing.  Following variable selection, significant predictors for As in 1990 included 
plan curvature and land cover change, and MRRTF for 2015. For Pb significant predictors 
included elevation, MRRTF and type of nearest road for 1990, and land cover change for 2015. 
Significant predictors for Zn in 1990 were found to be distance to the nearest road and road 
type, and for 2015 aspect and land cover change were found to be significant.  Model quality 
statistics (Standardised Squared Prediction Error; SSPE) indicated relatively good estimates of 
the error (mean = 1.0 for all metals, median = 0.479 for As, 0.409 for Pb and 0.324 for Zn), 
however Lin’s Concordance Correlation Coefficient indicated poor prediction quality (LCCC 
= 0.453 for As, 0.304 for Pb and 0.253 for Zn).  In 1990 Pb concentrations exceeded the 
Australian health investigation level of 600 mg kg-1 in small isolated areas of the park. By 
2015 these ‘hotspots’ had diminished and evident through hypothesis testing this change was 
statistically significant (P < 0.05). Zn for 1990 was elevated but did not exceed its guideline 
value of 30 000 mg kg-1 and concentrations were lower in 2015, however this was not deemed 
as a statistically significant change (P > 0.2). Concentrations of As remained low, not exceeding 
44 mg kg-1, quite different to the guideline of 300 mg kg-1.  Although there was minimal 
change overall, there was a significant increase in As concentrations within the south of the 
study area (P < 0.2).   Understanding change and the main drivers it is helpful when monitoring 
soil contaminants at a site; the use of bivariate linear mixed models provide a novel method in 
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which to achieve this, while also providing the ability for hypothesis testing and maps to 
pinpoint areas of concern.   
 
5.1 Introduction 
With growing population more waste is being generated and so safe, acceptable disposal of this 
waste is becoming increasingly challenging.  Landfills- especially those in Australia, are tightly 
controlled with the aim of recovering as many resources as possible to reduce the amount being 
deposited into the landfills (NSW EPA, 2016), however this has not always been the case.  
Throughout history, less regard was taken towards the environment and uncontrolled dumping 
of municipal, domestic and industrial waste into landfills was common, as is evident in the 
numerous historical landfills we see today (Environment Agency, 2017).  A multitude of 
contaminants can emerge from the variety of wastes, which may remain on the soil surface, be 
transported away by stormwater runoff, or be consolidated as leachate and move down the soil 
profile into groundwater (Barnes et al., 2004; Kalyuzhnyi et al., 2003).  It is therefore important 
that landfills at the end of their life are remediated properly and consistently monitored over 
the long term.   
The aim of assessment and subsequent remediation is to prevent further risk of contaminants 
entering environmental systems, and to prevent human exposure to the contaminants (NEPC, 
1999).  If left to remain onsite, typically the landfill would undergo containment by covering 
the fill with geotextile fabric, followed by capping with an impermeable layer of clay, which 
is then overlain with topsoil and vegetation (NSW EPA, 2016). As part of Australian legislation 
a leachate collection system is also required to treat any leachate originating from the fill (NSW 
EPA, 2016).   
Remediated landfills are quite unstable and so they are most often transformed into recreational 
parkland, or if in agricultural area- grazing land (Dao et al., 2013). Over time the landfill waste 
breaks down and due to natural weathering the surface may erode, especially on the slopes of 
the landfill (DECC, 2008).  To ensure contaminants do not emerge on the soil surface, or escape 
from the leachate, continuous monitoring may be required for up to 30 years or more (US EPA, 
2011).  
Capped landfill sites are continuously monitored for toxicants stemming from leachate, escape 
of tip gas and exposure of contaminants on the soil surface (DECC, 2008).  Monitoring for the 
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presence of contaminants on the soil surface is conducted through soil sampling (DECC, 2008), 
however this may prove expensive over a large area.  The spatial variation of contaminants 
may be highly variable and so a limited number of samples may not detect potential hotspots 
(Cattle et al., 2002; Tiller, 1992).  It is also useful to map the site to see if there are emerging 
trends, however the mapping method needs to be robust and provide accurate results. 
An accurate method of predicting the presence and spatial distribution of soil contaminants is 
by incorporating correlated variables into a linear mixed model.  Correlated variables, also 
known as covariates or predictors, may include factors which influence contaminant 
distribution. Examples include the topography of a site, or if located near busy roads there may 
be a risk of atmospheric deposition of contaminants (Nabulo et al., 2006; Snowdon and Birch, 
2004) and so we may include traffic density as a covariate.  Inclusion of potential influencing 
factors into the model would also allow us to statistically determine key drivers of the detected 
contaminant distribution, as demonstrated in the study by Johnson et al. (2017).  
Monitoring may seek to compare contaminant concentrations in a previous time period with 
more current results to determine if change has occurred over time (Burgos et al., 2006; Finzgar 
et al., 2014).  Previous studies have used linear mixed models to predict the spatial distribution 
of heavy metals over an area (Johnson et al., 2017; Lark and Scheib, 2013; Saby et al., 2011), 
however these have mostly been conducted as a survey, i.e. only incorporating a single 
response variable.  It is possible to map the two time points separately using linear mixed 
modelling and compare them, however by not taking the covariance between the two time 
points into account, the predictions for each time point will be less coherent and the variance 
of the change estimate will be conservative (Filippi et al., 2016).  
Bivariate linear mixed modelling (BLMM) is an extension of linear mixed modelling where 
the two response variables are modelled simultaneously in one function (Karunaratne et al., 
2014; Marchant and Lark, 2007).  This method and the classical geostatistical approach of 
cokriging utilise variograms obtained from each survey, as well as the cross-variograms 
between the surveys for interpolation between observations (Marchant and Lark, 2007).  The 
modelling of the variograms is performed using a linear model of coregionalisation (LMCR) 
in classical geostatistics or is included as random effects in BLMM.  
It is also possible to conduct hypothesis testing to determine the significance of change between 
two time periods. This is achieved by calculating the z-statistic based upon the variance of 
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change calculated in the BLMM.  An example of this is presented in the study by Karunaratne 
et al. (2014) who found significant decreases in soil organic carbon content in the space of 10 
years.  BLMM have yet to be used for prediction of contaminant distribution over time, but if 
achieved, it will help determine if there are any contaminant sources or trends emerging, which 
may not otherwise be noticed without mapping.  
Bicentennial Park, located in Sydney Olympic Park, NSW, Australia, is a previous landfill site 
undergoing continuous monitoring. Originally a wetland, the site was transformed into a 
municipal and industrial landfill throughout the 20th century and once capped, was transformed 
into recreational parkland in 1988.  Since then the population density in the area has increased, 
resulting in greater traffic density on the arterial roads bordering the site (RMS, 2017).  Land 
use in the surrounding area has undergone dramatic change over the past 200 years since 
European colonisation. Also previously a wetland, Sydney Olympic Park housed various 
industries including abattoirs, a railway landfill, electricity ash ponds, chemical industry as 
well as a brickworks site (SOPA, 2015; Suh et al., 2004).   Remediation of these sites managed 
the sources of contamination, however much may have been stirred up and aerially transported 
if proper precautions were not taken.  
Bicentennial Park is bordered by waterways and remnant wetlands which are of ecological 
significance due to the presence of endangered species, vegetation and threatened ecological 
habitats (SOPA, 2011). The parkland also receives approximately 2.8 million visitors per year 
(SOPA, 2016), and so in the interest of human and ecological health it is important this area is 
monitored. 
Therefore using Bicentennial Park as an example, this study sought to use BLMM to predict 
1.) spatial distribution and 2.) change of three heavy metals – arsenic (As), lead (Pb) and zinc 
(Zn) across the parklands, meanwhile determining key drivers of these distributions.  
Successful development of a model would pave the way for increased accuracy of mapping 
sites over multiple years and provide an indication of the drivers of change at a site. 
Development of accurate maps and understanding drivers allows for more efficient and cost-
effective management of contaminated sites over time.    
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5.2 Materials and Methods 
5.2.1 Study Area 
Bicentennial Park is 647,900 m2, bordered by primary and arterial roads to the south and east, 
a canal to the north-east, and a wetland fed by the Parramatta River to the north.   Remediation 
of the park included overlaying topsoil 1m in depth and covering with turf grass and trees, with 
installation of leachate management systems prior to the year 2000.   
Bicentennial Park has a maximum slope of 12% and the highest point at the site is 17 m above 
sea level.  The area receives a median annual rainfall of 1000 mm (www.bom.gov.au). This 
combined with degree of slope increases concern over increased erosion and runoff, potentially 
exposing landfill components and resulting soil and water contaminants. 
 
5.2.2 Soil sampling and lab analyses 
5.2.2.1 Data from year 1990 
A contaminated site assessment was conducted across Sydney Olympic Park in 1990 by Coffey 
Partners Ltd. in preparation for the 2000 Olympics to be held on the site. This assessment 
included 144 samples obtained from topsoil (0-2 cm) within Bicentennial Park.  As described 
by Suh et al. (2004), elemental concentrations of As, Pb and Zn were digested with 
nitric/perchloric acid, refluxed with hydrochloric acid, and concentrations determined using 
and Flame Atomic Absorption Spectrophotometry (FAAS). Analysis was conducted by 
Sydney Analytical Laboratories and SGS Australia, following USEPA method 3050.   
 
5.2.2.2 Data from year 2015 
In the month of September 2015 and with permission from the Sydney Olympic Park Authority 
(work permit ID: 2347), 60 topsoil samples (0-2 cm depth) were collected as close as possible 
(within 10 m) to the initial sample points within Bicentennial Park collected in 1990 (Figure 
5.1).  At each sample point, four subsamples were collected within a 1 m2 area using stainless 
steel rings (6.5cm in diameter) and pooled into a plastic zip lock bag to account for short scale 
spatial variation (Birch and Scollen, 2003); this technique referred to as ‘bulking’. 
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Figure 5.1. Sample locations throughout Bicentennial Park from the years 1990 and 2015, with roads, 
lake and waterways marked. 
 
Upon returning to the laboratory sample bags were opened and air dried at 40 °C for a total of 
6 days. Once dry they were ground using an agate mortar and pestle, passed through a 2 mm 
stainless steel sieve, with equipment being cleaned thoroughly with ethanol between samples.  
Total recoverable metals were analysed by SGS Australia following USEPA methods 200.8 
and 6010C.  Soil samples were digested with nitric acid and hydrochloric acid, and analysed 
using ICP-OES to obtain concentrations for a suite of metals including As, Pb and Zn.   
 
5.2.3 Predictor variables 
For incorporation into the bivariate linear mixed model, predictors were obtained based on 
likely sources and influences of contamination throughout the time interval between the two 
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surveys.  Sourced from freely available datasets, predictors included digital elevation model 
(DEM) and road data. Additional predictors were derived from DEM and hydrological 
corrected DEM using SAGA-GIS version 2.0.8 (www.saga-gis.org/en/index.html), including 
slope, aspect, curvature, Multi-resolution Valley Bottom Flatness index (MRVBF), Multi-
resolution Ridge Top Flatness (MRRTF) and Topographic Wetness Index (TWI) (Table 5.1).  
Distance from each soil sample point to all roads, and distance from main roads was calculated 
using ArcGIS version 10.3.1 (https://www.arcgis.com/features/index.html).  The nearest type 
of road was also included to act as a loose proxy for traffic density.  
 
Table 5.1. Summary of predictors derived and implemented into models. 
Covariate  Source Spatial scale Derived covariate 
DEM (Geoscience Australia, 
2011b), derived from 1 
second SRTM 
Raster, 1 arc second 
/30m grid 
Digital elevation model  
Slope  
Aspect  
Plan curvature 
Profile curvature    
 
HDEM (Geoscience Australia, 
2011a) 
derived from 1 second 
SRTM 
Raster, 1 arc second 
/30m grid 
MRVBF  
MRRTF  
TWI  
Catchment  
 
Roads (Google OSM, 2015) Lines Road type    
Distance of sample to nearest 
road    
Road type; e.g. residential, 
trunk, pathway 
   
Distance of sample to nearest 
main road 
Aerial Imagery  
(captured 1991) 
(NSW Department of 
Finance, Services and 
Innovation; DFSI (1990)) 
Raster, 0.4m pixels, 
original scale 
1:25000 
Polygons of Land cover 
(open/trees); categories then 
combined to extract change in 
land cover over time Aerial Imagery (captured 
October 2015) 
(Google Earth, 2015) Raster, 1.3m pixels 
 
Atmospheric deposition of heavy metals was suspected to be evident at the site and the presence 
of trees may have reduced the amount of contaminant reaching the soil over time.  To test 
whether tree cover had an effect on soil heavy metal distribution, a further covariate was created 
based on the change in tree cover within the park between the years 1990 and 2015.  Tree cover 
for the year 1990 was obtained from historical aerial imagery (DFSI, 1990) and aerial imagery 
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for 2015 obtained using Google Earth (2015) (Fig. 5.2). Using ArcGIS (ESRI, 2015), the 
obtained images were transformed into rasters followed by extraction of pixel values 
corresponding to the tree cover of each image.  Polygons were drawn around the extracted 
values and soil sample points assigned a category based on whether or not they lay within a 
tree cover polygon.  
Change in cover for each sample point was then determined by comparing categories for each 
sample year. For example, if a sample point was located in an open/grassed area in 1990 but 
under tree cover in 2015 the point was assigned the category of ‘open-tree’; if the sample point 
was located under tree cover in both 1990 and 2015 it was assigned the category of ‘tree-tree’, 
and so on.  This final categorisation formed the additional land cover change covariate to be 
included in the modelling.   
 
Figure 5.2. Aerial (left) and aerial imagery (right) for the years 1990 and 2015 with study area outlined.  
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After joining the predictors to the soil data based upon geographic location, predictors were 
also extracted to a 10m grid in preparation for mapping the soil contaminants. 
 
5.2.4 Modelling and validation 
The current study proposed to predict As, Pb and Zn concentrations by integrating variables 
from two sampling events into a bivariate linear mixed model.  Linear mixed models are known 
for their ability to account for fixed and random effects, so to improve prediction quality, 
predictors were included as part of the fixed effects component of each model, and random 
effects were comprised of spatially correlated residuals for each of the models.  Herein, data 
analysis and modelling was conducted using R programming language (R Core Team, 2016). 
The probability distributions of each metal for each year were skewed and accordingly 
transformed with a natural log transformation. Similarly, numerical predictors were assessed 
for normality and those which possessed a skewness outside [-0.5, 0.5] were transformed using 
a suitable method.  Predictors requiring transformation were also transformed within the grid 
dataset.  From here the model was run for each metal, incorporating data from 1990 and 2015, 
as well as the set predictors.  
R programming code for estimating parameters of the models was obtained from the GeoR 
package (Ribeiro and Diggle, 2016). Bespoke R code was used to estimate the BLMM where 
the parameters were estimated using simulated annealing.  Similar to the methods of Johnson 
et al. (2017), backwards elimination based on Wald tests was used for variable selection. 
Predictors possessing a P-value less than 0.1 were retained and implemented into the final 
model.  
To identify which predictor variables were having the largest effect upon the response variable 
(i.e. heavy metal content of year 1990 or 2015), retained numerical predictors were 
standardised to have a mean of 0 and standard deviation of 0.5, as suggested by Gelman (2008). 
These standardised predictors then replaced their non-standardised counterparts in the model 
and the model was run to obtain the standardised regression coefficients. 
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5.2.5 Model validation 
Once the final model was selected, cross validation was used to determine goodness-of-fit of 
the model.  Goodness-of-fit parameters included Lin’s Concordance Correlation Coefficient 
(LCCC), Root Mean-Square Error (RMSE) and bias. As a measure of quality of the prediction 
variance in terms of representing the errors, the mean and median Squared Standardised 
Prediction Error (SSPE) were also calculated as defined by Lark (2000).  As described by Lark 
(2000) the optimal value for the mean SSPE is 1.0 and the optimal value for the median is 
0.455.   
 
5.2.6 Mapping heavy metal concentrations in 1990 and 2015 
Following validation each model was then predicted onto the assembled grid using the 
Empirical Best Linear Unbiased Predictor (EBLUP).  To provide mapped results on the original 
scale, log-transformed predictions were back-transformed using an equation derived from the 
log-normal probability density function (Johnson et al., 2017; Webster and Oliver, 2001):  
𝑦𝑖 = exp⁡(𝑥𝑖 + (𝜎𝑖
2/2)),       (1) 
where yi is the back transformed prediction at point i, xi is the transformed prediction value at 
site i, and σ2i is the prediction variance at point i. 
 
5.2.7 Change in heavy metal concentrations 
In addition to mapping predicted concentrations for 1990 and 2015, the change in As, Pb and 
Zn concentrations between the two years (2015-1990) was calculated using back-transformed 
predictions. To determine the statistical significance of the change in each metal, the z-statistic 
was calculated for each grid point using predictions of metal concentrations on the log scale 
(Filippi et al., 2016): 
 yV
yy
z
ˆˆ
ˆˆ
19902015


 ,         (2) 
where  yV ˆˆ   is the contrast variance, 2015yˆ is the log- metal concentration at the grid point in 
2015, and 1990yˆ is the log- metal concentration at the grid point in the year 1990.  The contrast 
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variance is calculated based upon prediction variance on the log scale for each year and the 
covariance between each (Filippi et al., 2016): 
  ))ˆ(ˆ(2)ˆ(ˆ)ˆ(ˆˆˆ 2015,199020151990 yVyVyVyV  ,     (3) 
where )ˆ(ˆ 1990yV  is the prediction variance at time 1 (1990),  )ˆ(
ˆ
2015yV  is the log-prediction 
variance at time 2 (2015), and )ˆ(ˆ 2015,1990yV is the associated covariance between the two 
surveys.  It should be noted that we performed hypothesis testing on the log-transformed data 
as this is the scale on which we modelled to meet the modelling assumptions. 
Following calculation of change in concentration and z-statistics, the results were also mapped 
for comparison with predictions of metal concentrations in each year.  
 
5.3 Results 
5.3.1 Exploratory data analysis 
Mean values for As, Pb and Zn did not exceed the associated NEPC (1999) guide values for 
parks and open spaces (Table 5.2), except in 1990 for Pb.  For Pb in 1990 the maximum value 
and 7.8% of sample points did exceed the guide of 600 mg kg-1 (1215 mg kg-1), with 13.6% of 
sample points exceeding the most conservative NEPC (1999) guide value of 300 mg kg-1.  Pb 
concentrations were much lower in 2015 with the maximum dropping to 120mg kg-1.  
Concentrations of Zn were elevated but did not exceed guidelines in both 1990 and 2015 
whereas As concentrations were very low for both years.   
The data were highly skewed for all years and metals, evident in the smallest skewness being 
1.0 and evident in the notable difference between median and mean values for each variable.  
Due to the high level of skew, all variables were log-transformed and summary statistics also 
presented in Table 5.2.  
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Table 5.2. Summary statistics for Pb, Zn and As in 1990 and 2015. 
 Variable Mean Median Min Max SD Skewness Guide 
1990 dataset        
n = 144 As (mg kg-1) 3.810 1.400 0.160 41.000 6.632 3.483 300 
 log-transformed As 0.495 0.337 -1.832 3.714 0.500 0.494  
 Pb (mg kg-1) 120.400 64.500 0.000 1215.000 161.608 3.956 600 
 log-transformed Pb 4.216 4.182 0.000 7.103 1.164 -0.701  
 Zn (mg kg-1) 183.500 93.500 1.000 2850.000 290.167 5.959 30,000 
 log-transformed Zn 4.614 4.538 0.001 7.955 1.109 -0.305  
         
2015 dataset        
n = 60 As (mg kg-1) 5.217 5.000 1.000 14.000 2.637 1.419 300 
 log-transformed As 1.534 1.609 0.000 2.639 0.500 -0.335  
 Pb (mg kg-1) 46.880 43.000 11.000 120.000 28.913 1.000 600 
 log-transformed Pb 3.691 3.784 2.485 4.796 0.613 -0.087  
 Zn (mg kg-1) 123.700 94.500 36.000 1100.000 138.723 5.971 30,000 
 log-transformed Zn 4.602 4.549 3.584 7.003 0.570 1.159  
Note: SD = Standard Deviation; Guide refers to the Health Investigation Level (mg/kg) stated in NEPC (1999) 
for recreational areas. 
 
Comparison between corresponding points collected in 1990 and 2015 indicate some change 
had occurred, with both increases and decreases in concentrations, depending on the location 
(Table 5.3).  The difference was calculated by subtracting values in 1990 from corresponding 
values in 2015 and summary statistics calculated.  The largest increase was 447 mg kg-1 for Zn, 
followed by Pb (80 mg kg-1) and As, which showed only a relatively small maximum increase 
of 11.9 mg kg-1. The greatest decrease in concentrations was Pb (971 mg kg -1), followed by 
Zn (650 mg kg-1) and As (25 mg kg-1). Mean Pb across the study area possessed the greatest 
amount of change overall at a decrease of 60.2 mg kg-1, followed by Zn which was much 
smaller (decrease of 12.06 mg kg-1) and As which showed very little change overall, with an 
overall increase in 2.03 mg kg-1.  Correlation analysis between each year further suggested 
there was some change in the spatial pattern of metal concentrations (r = 0.193 for As, r = 0.317 
for Pb and r = 0.364 for Zn; Table 5.3). 
 
Table 5.3. Change in metal concentrations between 1990 and 2015.  
2015-1990 Mean Median Min Max Pearson correlation 
As 2.028 2.50 -25.00 11.90 0.193 
Pb -60.20 -19.50 -971.00 80.00 0.317 
Zn -12.06 7.50 -650.00 447.00 0.364 
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Correlations between log-transformed metals and numerical predictors may show likely 
relationships and potential predictors in the subsequent modelling process.  No correlations 
exceeded 0.4, meaning at best moderate relationships between metals and predictors overall 
(Table 5.4).  The highest correlation existed between Zn (2015) which possessed a correlation 
of 0.390. Other notable correlations with Zn from 2015 was with elevation (r = 0.220) and log-
distance to all roads (r = 0.254).  Remaining correlations >|0.20| were between metals for 1990, 
such as Zn and log-distance to all roads (r = 0.224), Pb and distance to main roads (r = 0.218), 
and As and plan curvature (r = -0.204) which also happened to be the only negative correlation 
(greater than |0.2|).  Despite the weak correlations with individual predictors, relationships may 
be found in the modelling stage through the combination of predictors.   
 
Table 5.4. Correlation matrix between numerical predictors and log-transformed response variables for 
each time point*.  
  As-1990 As-2015 Pb-1990 Pb-2015 Zn-1990 Zn-2015 
Elevation -0.023 0.197 0.136 0.089 0.062 0.220 
Square-root slope 0.027 -0.063 0.039 -0.085 0.124 0.104 
Aspect -0.014 0.050 -0.039 -0.015 -0.074 0.167 
Plan curvature -0.204 -0.142 -0.001 0.057 -0.033 -0.022 
Profile curvature -0.073 -0.043 0.067 -0.013 -0.014 0.034 
MRVBF 0.019 0.028 -0.062 0.030 -0.085 -0.101 
MRRTF -0.138 -0.003 -0.043 -0.041 -0.116 -0.035 
TWI 0.104 0.176 -0.041 -0.017 0.101 0.025 
Distance to main road -0.055 0.075 0.218 0.028 0.196 0.390 
Log- distance to all roads 0.025 0.137 -0.006 0.026 0.224 0.254 
* Values in bold have a Pearson correlation coefficient > |0.2|, indicating possible relationships between 
covariate and response variable.  
 
Many studies have found heavy metal concentrations to be correlated with each other (Hu et 
al., 2013; Lu et al., 2003), which is further supported by the findings of this study (Table 5.5). 
Strong correlations existed between log-transformed Pb and Zn (r = 0.705 for 2015; 0.654 for 
1990), Pb and As in 2015 (r = 0.696), and As and Zn in 2015 (r = 0.559). Weaker relationships 
existed between log-transformed As and Pb in 1990 (r = 0.364), with the correlation between 
As and Zn in 1990 being the weakest (r = 0.151).  
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Table 5.5. Pearson correlations between each tested (log-transformed) metal for each year*. 
  1990 2015 
As-Pb 0.364 0.696 
As-Zn 0.151 0.559 
Pb-Zn 0.654 0.704 
* Values in bold have a Pearson correlation coefficient > |0.2|  
 
5.3.2 Modelling results 
Following variable selection few predictors remained in the model as fixed effects (Table 5.6). 
Final predictors determined for As included plan curvature and land cover change for 1990, 
with land cover having the greatest influence on As predictions. For 2015 only one predictor 
remained for As which was MRRTF.  For Pb significant predictors for 1990 in order of greatest 
effect included digital elevation, MRRTF and type of nearest road, whereas the only significant 
predictor for Pb in 2015 was land cover change.  In 1990 predictors of Zn included distance to 
the nearest road and the type of road, the latter of which had a greater influence upon the 
response variable.  Significant predictors for Zn in 2015 included aspect and land cover change, 
with aspect having the greater influence on Zn concentrations.  
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Table 5.6. Standardised regression coefficients obtained using BLMM for each year and metal.  
Covariate   As Pb Zn 
1990     
(intercept) (intercept) 0.2763 4.0087 4.4291 
Digital elevation DEM – 0.6981 – 
Plan curvature Plan curvature -0.3895 – – 
MRRTF MRRTF – -0.6785 – 
Log-distance to nearest road 
Distance to nearest road 
(transformed) 
– – 0.3066 
Type of nearest road Footway – 0.4042 0.0545 
 Residential – 0.875 0.7612 
 Service – 0.5424 0.7089 
 Tertiary – -0.4116 0.2298 
Land cover - change Open-trees 0.5617 – – 
 Trees-trees 0.6196 – – 
     
2015     
(intercept) (intercept) 1.5864 3.6293 4.7067 
Aspect Aspect – – 0.3191 
MRRTF MRRTF 0.2163 – – 
Land cover - change Open-trees – 0.3354 0.2068 
 Trees-trees – 0.1968 0.3459 
 
The random effect component of the model is described by the variogram and cross-
semivariogram between each survey (Table 5.7).  Parameters include the auto-correlation 
nugget semivariance for years 1990 (c01,1), 2015 (c02,2), and the cross-correlation nugget 
(c01,2); the auto-correlation structural semivariance for 1990 (c11,1), 2015 (c12,2) and the cross-
correlation structural semivariance (c01,2).  Using these parameters the proportion of nugget 
variation was calculated for 1990 parameters ((c0/(c0+c1))1,1), 2015 (c0/(c0+c1))2,2) and 
covariance parameters ((c0/(c0+c1))1,2).  The distance parameter, recorded as phi (φ (m)) was 
also provided, and as an exponential variogram model was fitted, each value was multiplied by 
3 to approximate when the observations were spatially uncorrelated.   
Nugget semivariance was quite high, with the highest being 1.069 for As in 1990.  Structural 
semivariance was relatively low, however there was a high nugget and proportion of nugget 
variation. The higher nugget and proportion of variation for each metal in 1990 compared to 
those of 2015 indicate possible influence of the sampling method - bulking was only performed 
for 2015 samples which lowers the nugget.  For As there was a high proportion of nugget 
variation (0.750) however this was much lower for 2015 and covariance (evidence of the 
influence of bulking).  Proportion of nugget variation for Pb was higher than As for 1990 
(0.511), but lower in 2015 (0.001) and for the covariance (0.114).  For Zn the proportion of 
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nugget variation was highest of the three metals, with a value of 0.869 for 1990, 0.428 for 2015 
and 0.15 for the covariance.  Distance parameters were small for Pb and As, indicating shorter 
range variation compared to that of Zn for which the distance parameter was just below the 
parameter constraint of 1000 m set prior to modelling.  
 
Table 5.7. Random effect coefficients for each model (i.e. variogram parameters), including the 
calculated proportion of nugget variation (c0/(c0+c1)). Subscript 1 refers to parameters associated with 
1990 (time 1), subscript 2 refers to parameters associated with 2015 (time 2).     
  As Pb Zn 
c01,1 1.069 0.612 1.003 
c02,2 0.000 0.000 0.161 
c01,2 0.000 0.014 0.029 
c11,1 0.357 0.587 0.152 
c12,2 0.377 0.376 0.215 
c11,2 0.231 0.110 0.156 
(c0/(c0+c1))1,1 0.750 0.511 0.869 
(c0/(c0+c1))2,2 0.000 0.001 0.428 
(c0/(c0+c1))1,2 0.000 0.114 0.156 
φ (m)* 304.908 99.501 999.992 
*Due to exponential semivariogram models being used, the distance parameters were multiplied by 3. 
 
Following variable selection, cross validation was used to assess model quality (Table 5.8).  
The mean SSPE was optimal for each metal (~1.0), and the median was within +/-0.05 of the 
optimal 0.455 for Pb and As. The model for Zn had a median SSPE of 0.324, suggesting 
possible influence of spatial outliers.  Despite good model fit and low bias, the highest LCCC 
was 0.453 for As, whereas Pb and Zn were lower (0.304 and 0.253 respectively), and there was 
a higher amount of error evident in the RMSE values for each metal (0.990 for As, 0.98 for Pb, 
0.922 for Zn), indicating a poor correlation or agreement between predicted and observed 
values.    Overall, our point predictions were quite poor (based on the LCCC) but our estimate 
of uncertainty was very good (based on the SSPE), which is able to provide a more definitive 
indication of how useful the model actually is. 
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Table 5.8. Validation statistics (LCCC, mean and median SSPE, bias and RMSE) for each metal.    
  LCCC SSPE (mean) SSPE (median) Bias RMSE 
As 0.453 1.022 0.479 0.002 0.990 
Pb 0.304 1.010 0.409 0.000 0.980 
Zn 0.253 1.016 0.324 0.000 0.922 
 
Once model fit was determined, metal concentrations were predicted onto the grid for each 
metal and year (Fig. 5.3).  Predictions for Pb in 1990 (Fig. 5.3c) exceeded the guideline value 
of 600 mg kg-1 over 0.09% of the study area, and exceeded the most conservative NEPC (1999) 
value of 300 m kg-1 over 6.7% of the area, whereas Zn (Fig. 5.3e) was elevated up to 
approximately 600 mg kg -1 in some area of the park but well below its guide value of 30 000 
mg kg-1.  Concentrations for As (Fig. 5.3a) remained fairly consistent with some higher 
concentrations occurring towards the centre of the park, but not exceeding 60 mg kg-1; much 
lower than the guide of 300 mg kg-1.   
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Figure 5.3. Final maps produced by BLMM showing concentrations for 1990 (left column) and 2015 
(right column).  First row presents output for As (Figs 5.3a and b), second row is Pb (Figs. 5.3c and d) 
and the last row shows output for Zn (Figs 5.3e and f).  
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Predicted concentrations in 2015 were much lower overall, with As (Fig. 5.3b) appearing to 
have a similar spatial distribution to its 1990 counterpart (Fig. 5.3a) but lower in concentration. 
Predicted Pb for 2015 (Fig. 5.3d) was much lower and possessed a different spatial distribution 
to 1990 predictions (Fig. 5.3c); majority of the site did not exceed 100 mg kg-1 and there was 
no evidence of isolated concentrations as seen in 1990. Similar to predictions of Zn in 1990 
(Fig. 5.3e), there were higher predicted concentrations of Zn in 2015 (Fig. 5.3f), however they 
were much lower and more evenly dispersed over the study area.  
Change in metals was also calculated by subtracting predictions for 1990 from those of 2015 
and the significance of the change determined based on calculation of a z-statistic (Fig. 5.4 and 
Table 5.9).  Predictions of As seemed to show little change overall (Fig. 5.4a), however there 
was some increase in the south of the study area (Fig. 5.4b), where 0.72% of the area obtained 
a z-score exceeding the threshold of 1.282 (i.e. P < 0.2 for a 2-tailed t-test).  A relatively higher 
amount of change occurred in Pb concentrations between 1990 and 2015 (Fig. 5.4c). 
Significant decreases in Pb concentration occurred throughout the study area, where a total of 
3.44% of the area obtained a z-score below the threshold of -1.282 (P < 0.2, two-tailed), 0.44% 
of the area possessed a z-score less than -1.645 (P < 0.1, two-tailed) and 0.02% of the area 
obtained a z-score less than -1.96 (P = 0.05).  A significant increase could be perceived in the 
south-west of the study area with 0.21% of the study area possessing a z-score greater than 
1.282 (P < 0.2, two-tailed).   Although a small amount of change in Zn concentrations could 
be seen in Figure 5.4e, there was no statistically significant change between 1990 and 2015, 
evident through the z-score not exceeding the lowest threshold of [-1.282, 1.282] within the 
study area (Fig. 5.4f).   
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Table 5.9. P-values for a two-tailed z-test, with associated threshold values and percent area of Pb and 
As exceeding the threshold (note: Zn has been excluded as the calculated z-statistic did not exceed any 
threshold). 
P-value Z-threshold As (% area) Pb (% area) 
0.01 2.576 0 0 
0.05 1.96 0 0 
0.1 1.645 0 0 
0.2 1.282 0.72 0.21 
    
0.2 -1.282 0 3.44 
0.1 -1.645 0 0.44 
0.05 -1.96 0 0.02 
0.01 -2.576 0 0 
 
Although not statistically significant, there was evidence of change in Zn concentrations 
between 1990 and 2015, from a maximum decrease of -500 mg kg-1 to a maximum increase of 
approximately 120 mg kg-1 (Fig. 5.4e).  Decreases were associated with the areas of higher 
concentration in 1990 towards the north and south of the study area and increases were mostly 
around the northern end of the park and some smaller portions around the lake.  
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Figure 5.4. Calculated change between 1990 and 2015 BLMM predictions for each metal and mapped 
z-statistic for each grid point.  First row represents change in As (Figs. 5.4a and b), Pb (Figs. 5.4c and 
d), and Zn (Figs. 5.4e and f).  Values on the z-statistic plot scale correspond to significance at P = 0.01, 
0.05, 0.1 and 0.2 (Table 5.9); discoloured areas represent non-significant z-values.  
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5.4 Discussion 
5.4.1 Heavy metal distribution in Bicentennial Park 
When compared to the NEPC (1999) HIL for park and recreational area, 0.09% of Pb 
predictions for 1990 exceeded this guideline (600 mg kg-1), and a total of 6.7% exceeded the 
most conservative (NEPC, 1999) HIL of 300 mg kg-1.  Zn concentrations were high but did not 
exceed, and As was very low in concentration.  A significant increase in As concentrations 
occurred in 2015 (P < 0.2) over 0.72% of the study area, and there was both significant increase 
(0.2% of the study area) and decreases (3% of the study area) in Pb (P < 0.2 for increase, P < 
0.05 for decrease).  No statistically significant change occurred between 1990 and 2015 for Zn. 
Although classed as ‘statistically significant’ here, the P-value threshold of 0.2 is not often used 
as it is not as robust as the smaller significance thresholds (i.e. it is more likely to be influenced 
by larger amounts of error in predictions). Despite this issue, it still may be effective at 
indicating change which may become more significant over time.  It is useful to know of 
significant change and where it is occurring to enable continued management and monitoring, 
which is of utmost importance to ensure safety to the many users of the park.   
Aside from substantial decreases, there were also increases of up to 100 mg kg-1 for Pb and Zn, 
which were not classed as ‘significant’.  Although not statistically significant it is important to 
understand the spatial distribution and sources of these changes because if the increase were to 
continue over time the change may become significant, and the concentrations – especially for 
Pb – may end up exceeding the guideline value.   
The statistically significant increase in As concentrations occurred to the south of the park, 
mostly within canopied grassy area used as a rudimentary carpark during weekends. Although 
there was an increase, the concentrations remained far below the guideline values for As.  
Similarly, there was a statistically significant increase in Pb concentrations, yet this also 
remained below the most conservative NEPC (1999) guideline values. The location of the 
significant increase in Pb is currently grassed greenspace between a main road and tennis 
centre. Considering the land uses (carpark and bordering greenspace) and the presence of grass 
covering the soil, there is a lower likelihood of exposure to contaminants in the soil at these 
locations.  
An area requiring closer attention is the children’s playground, located in the eastern portion 
of the park. Change maps indicated a slight increase in Pb concentrations in this area between 
1990 and 2015, however this change was not statistically significant, and concentrations were 
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well below the most conservative NEPC (1999) guideline value.  Children are more likely to 
ingest the soil and are vulnerable to Pb compared to adults (Laidlaw and Taylor, 2011; Mudgal 
et al., 2010; Reis et al., 2014) and so although the playground contained low metal 
concentrations, periodic checking may be helpful for ensuring metal concentrations remain 
well below the NEPC (1999) guidelines. The northern tip of the study area part of the 
mangrove/wetland system also experienced some (non-significant) increase in Pb 
concentrations.  Disturbed mangrove and wetland systems are vulnerable to becoming highly 
acidic due to exposure of potentially acid-sulphate soils (Sammut et al., 1996); the mangrove 
system adjacent to our study site is one such area with a high probability of possessing acid 
sulphate soils (Murphy, 1997).  The bioavailability of heavy metals is known to be influenced 
by pH, with bioavailability increasing in acidic conditions (Berkowitz et al., 2014) and so entry 
of heavy metals into the potentially acidic wetland system puts organisms at a higher risk of 
accumulating these contaminants.  For efficient monitoring and management it is essential to 
understand which factors are influencing the presence and change in distribution of 
contaminants. 
 
5.4.2 Drivers of heavy metal distribution in Bicentennial Park 
An interesting finding was that in some areas of the study site, metal concentrations were 
elevated and exceeding guideline values at the first sampling event despite remediation being 
finished two years prior to sampling.   Pb and Zn concentrations were high in 1990, with Pb 
exceeding the guideline; according to the linear model drivers of the distribution included 
nearest road type for both Pb and Zn, distance to the nearest road for Zn only and digital 
elevation for Pb.  Vehicle emissions and traffic density have been associated with elevated 
concentrations of heavy metals in the soil (Birch et al., 2011; Luo et al., 2015), which supports 
the significance of distance to the nearest road and road type (a proxy for traffic density).  
Digital elevation may also suggest atmospheric deposition as the positive regression coefficient 
indicated that as elevation increased, so too did Pb concentration.   
The idea of atmospheric deposition of contaminants is further supported by the results for the 
2015 models.  Significant predictors for Pb and Zn included land cover change and aspect (Zn 
only).  Land cover change from open to canopied area may prevent atmospheric deposition of 
contaminants onto the soil from nearby arterial roads and the trees and vegetation themselves 
may absorb contaminants already present in the air and/or soil (Nabulo et al., 2006; Tallis et 
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al., 2011). Natural attenuation is also a possibility with metals being transported by runoff to 
other locations, or down the soil profile (Hazelton and Murphy, 2011).  Finally, the distribution 
of As changed relatively little, with significant predictors being plan curvature and land cover 
in 1990, and MRRTF in 2015.  Land cover change had not occurred yet, however the planting 
of trees vs the application of turf may have had varying effects upon the soil. 
 
5.4.3 Bivariate Linear Mixed Modelling of heavy metals 
Based upon the SSPE, level of bias and RMSE, we possessed models which fit well, however 
the LCCC indicated that the model predictions were poor.  Past studies have used bivariate 
linear mixed modelling over quite a large area (up to 1358 km2; Karunaratne et al. (2014), 
whereas we have conducted the study over a much smaller area (0.65 km2). Area size may have 
had an influence on the outcome, especially as most predictors were on a coarser spatial 
resolution, for example DEM which possessed a 30m resolution.   
The lower nugget for 2015 and the low covariance nugget indicated the possibility of differing 
measurement error between sampling events (Goovaerts, 1997), which in turn had the potential 
to influence the outcomes of the hypothesis tests.   Difference in measurement error may have 
stemmed from different sampling protocols and the use of bulking collected soil subsamples in 
2015.  The models possessed large distance parameter coefficients, indicating a lack of, or 
limited spatial structure, especially the model for Pb in which the distance parameter extended 
to the range parameter constraint/limit.  The lack of spatial structure suggests the occurrence 
of low level diffuse pollution, which results in contaminants being more evenly distributed 
rather than stemming from a point source (Glavin and Hooda, 2005; Hazelton and Murphy, 
2011).  The even distribution of concentrations is plausible as the site was remediated two years 
prior to sampling.    
The use of linear mixed modelling allows for more accurate predictions while also determining 
main drivers; the use of bivariate linear mixed modelling expands this idea by using collocated 
samples from differing time periods to predict at unsampled locations. Calculation of the 
covariance term also allows for improved hypothesis testing to determine whether change 
between the two time periods was statistically significant, providing more robust and reliable 
results. The need for fewer samples benefits the stakeholders and managing authorities as less 
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money needs to be spent on the sampling and analytical process.  If the safety of a site is 
maintained, the benefit then extends beyond the key management bodies.  
 
5.4.4 Benefits, potential and future use 
The use of bivariate linear mixed modelling was able to provide a snapshot of potential factors 
influencing the spatial distribution and areas of concern needing to be addressed.  This is highly 
beneficial for management as it can alert authorities before the measured contaminants become 
a hazard to human and environmental health. It is therefore essential that previously 
contaminated sites are monitored and managed, especially if the site is also a landfill. 
Tree canopy seemed to be an important factor in reducing the amount of atmospheric 
contaminants coming into contact with the soil. It may therefore be worth including tree cover 
in landscape planning to help reduce the likelihood of soil contamination resulting from 
atmospheric deposition. This would be especially beneficial in areas where humans - especially 
children - are more likely to come into contact with the soil; for example, near children’s 
playgrounds. 
Upon consultation the main concern expressed by the managing body of the park was the 
potential for contaminant emergence from the underlying landfill, being exposed by erosional 
processes.  For this to be evident, the significant predictors were expected to be elevation or 
slope of the year 2015 models.  There were some topographic predictors but due to the 
prediction quality of the models the possibility of contaminants stemming from the underlying 
landfill cannot be excluded (as per the precautionary principle).   
 
5.5. Conclusions 
Bivariate linear mixed modelling to predict heavy metal concentrations between two sampling 
events was able to show areas where contaminant concentrations exceeded guideline values, 
and where significant change has occurred.  Portions of the study area in 1990 contained points 
of Pb exceeding the NEPC guideline value, with high concentrations of Zn. In 2015 
concentrations of As, Pb and Zn were much lower, with change in Pb being statistically 
significant, but all of the tested metal concentrations remained within the most conservative 
NEPC guideline values. Key drivers of As distribution included plan curvature, change in land 
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cover in 1990 and MRRTF for in 2015.  For Pb key drivers included elevation, and nearest 
road type for 1990, and change in land cover in 2015. Similarly for Zn land cover change was 
significant in 2015 alongside aspect, and in 1990 key drivers of Zn were distance to and type 
of the nearest road.  Bivariate linear mixed modelling was useful to show trends and influences 
upon contaminant distribution, however as indicated by our model quality statistics, there is 
room for improvement and further refinement.  Management of sites such as Bicentennial Park 
which are used by many people and is home to a variety of protected habitats and species, is of 
high importance. Therefore efficient methods to monitor contaminant distribution is worth 
exploring, especially an area surrounded by increasing traffic density, continuous land use 
change and development.  
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The research within this thesis presents novel methods to improve efficiency of 4 key elements 
of contaminated site assessment.  The key elements were improvement in sampling, detection, 
mapping of heavy metals and monitoring the change through time in heavy metal distribution 
across a site.  This research was able to:  
1) determine broad sample size requirements for assessing a potentially contaminated site,  
2) provide a more accurate supplementary method to conventional lab analytical methods,  
3) use a more accurate method to map contamination over an area, and  
4) map the change in contamination over an area between two time periods.   
The use of these developed methods will help improve accuracy of delineation of contaminated 
sites prior to and following remediation, reducing risk of human and environmental harm.   
 
6.1 Key findings 
A number of questions were posed throughout the first chapter and addressed by subsequent 
chapters of this thesis; ways in which each was addressed are described below: 
 
1. Is there a general “rule of thumb” to determine sample size requirements which would 
provide: 
a) A more representative estimation of whether the mean exceeds the HIL at a site? 
b) A more representative map of the site to aid remediation planning? 
Addressed in Chapter 2, the research sought to determine a method for estimating sample sizes 
for conditions 1a. and 1b.  The use of published studies in the form of a meta-analysis allowed 
for the simulation of synthetic data based on real-world examples of contaminated sites; 
contaminated sites are hard to simulate accurately as many possess high spatial variability and 
heterogeneity from site to site.  
Only a small number of samples were required to show if the mean exceeded the threshold for 
most studies.  The results also highlighted the fact that although the mean may not exceed the 
threshold, there may be areas at the site which did exceed. Failure to remediate areas with 
elevated concentrations would result in the contamination not being managed, allowing 
continued harm to occur to humans and the environment.     
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For mapping, a much larger sample size was required (>200 samples), which is quite unrealistic 
in many cases, especially if sampling over a larger area.   A way around this may be in the 
method of detection.  Once samples are collected at a site they are sent away for chemical 
analyses which is costly, time consuming and hazardous; limiting the number of samples 
collected at a site.  To enable more samples to be collected, it would therefore be beneficial to 
explore methods which provide cheaper and faster results, preferably in the field in real-time.  
 
2. Is there an alternative, more accessible, safer, cheaper and possibly more portable method 
of analysing soil which could provide faster results, essentially allowing more samples to 
be taken? 
The use of portable x-ray fluorescence (pXRF) is a much cheaper method of analysis (Rouillon 
et al., 2017), is non-destructive and able to be used in the field to provide rapid results.  
Although quite preferable sending samples away to the laboratory and waiting days, if not 
weeks, for results, there is room for improvement in the accuracy of pXRF and opens up 
potential for integration with other proximal sensing methods, such as vis-NIR.    
The third chapter of this thesis found that combination of vis-NIR and pXRF spectra did 
improve accuracy in prediction of Pb concentrations, but only marginally over the default 
Compton-normalised pXRF output. Inclusion of vis-NIR spectra would, however, be 
advantageous as it is able to provide measurement of additional properties essential for 
contaminated site assessment and characterisation, such as soil texture and carbon content.  
Results presented in Chapter 3 also provided more accurate methods of spectral data analysis 
for working with heavy metals.  The most accurate models were those which incorporated 
principal components prior to regression modelling, rather than the complete processed spectra.  
As an alternative to direct concatenation of spectra the study also found that Granger-
Ramanathan Model Averaging was useful in providing more accurate results with very little 
bias. An additional advantage to modelling is that it is possible to extract prediction intervals, 
allowing us to understand how precise our predictions are, whereas the Compton-Normalized 
pXRF output does not provide this.  This is especially important given the higher error we 
found (RMSE = 94.05; whole fraction) when using pXRF default output alone or integrated 
with vis-NIR (RMSE = 89.69; whole fraction).  Although the error was higher, we were still 
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able to have an idea of how narrow the prediction intervals were and have an idea of the 
precision of the model.  
  
3. Could we combine suitable covariates into a suitable model and provide a better picture 
of contamination over an area?  
This was achieved in Chapter 4 through the use of linear mixed modelling to determine drivers 
and distribution of heavy metals in a Sydney river catchment.  Linear mixed modelling was 
able to provide an estimation of key factors influencing contaminant distribution.  Key factors 
determined for lead and zinc distribution in Sydney included elevation, distance to main roads, 
main road type, soil landscape, population density (lead only) and land use (zinc only).  
Knowledge of key drivers is highly valuable as it provides something which may be managed 
to help reduce severity of contamination in an area.  
Lead was found to exceed NEPC (1999) guidelines and zinc was elevated in areas of the 
catchment.  Although values did exceed, it was important to look at the prediction intervals 
provided by the model and use these to calculate the likelihood of exceeding guideline values.  
The likelihood maps indicated areas of concern with greater reliability than using the 
concentrations alone.  
The study provided an accurate method to inform distribution, likelihood of exceedance 
(uncertainty) and key influencing factors.  The results of the modelling would be highly 
valuable to residents in the catchment area, especially as urban agriculture is on the rise in 
urban areas.  Furthermore the maps would be valuable for government bodies to aid town 
planning and land use in areas, as well as waterway management.  Although used over a larger 
area the mapping method may be adapted to a smaller area as part of contaminated site analysis. 
It would also be interesting to test whether linear mixed modelling could be used to determine 
contamination between two sampling events.  
 
4. Could we further develop the idea of integrating influencing factors into a model, and then 
map the change in distribution of contaminants? 
In Chapter 5 linear mixed modelling was further developed to predict concentrations at two 
points in time, providing an indication of the amount of change which has occurred between 
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sampling events- in this case between 1990 and 2015.  The test site is a capped landfill used as 
recreational parkland and so constant monitoring is required to prevent the 2.8 million annual 
visitors from coming into contact with any potential contaminants.  Over time the park has also 
been surrounded by remediation, construction and increasing traffic density, indicating 
potential for atmospheric contaminants.   
Bivariate linear mixed modelling found Pb to exceed guideline values in 1990, but not in 2015; 
similarly concentrations for the other tested metals- Zn and As were much lower in the second 
sampling phase.  Key drivers for distribution seemed to be predominantly linked with 
atmospheric deposition- roads and change in tree cover across the site over time.  Aside from 
decreases there were also increases in concentration, most notably for Pb and Zn. 
Knowing the change over time and mapping this change is advantageous to the managing 
authority of the parkland as they may be able to mitigate or better monitor the site for further 
changes, which were not significant for increased concentrations, but may be some time in the 
future.  
 
6.2 Suggestions for future work 
6.2.1 Development of an on-the-go inference engine 
A data fusion framework, or ‘inference engine’, has been proposed by McBratney et al. (2002) 
to provide on-the-go measurements of soil properties. This idea was further developed by Horta 
et al. (2015) who proposed the use of a soil inference engine for contaminated site assessment. 
The soil inference system would help inform sampling locations to facilitate measurement of 
selected soil contaminants in real-time using spectral data fusion methods- an example of which 
has been presented in this thesis.   Once the samples have been scanned a map can be developed 
onsite which if not accurate enough, can inform further sampling at the site and re-estimation 
to obtain a more accurate picture.  
To enable more accurate prediction from spectral data fusion the use of spectral libraries 
containing a range of soil properties and contaminant concentrations has also been 
recommended.  Soil spectral libraries have been proposed in the past as a reference system for 
more accurate model calibration, which would allow for the data fusion models to be calibrated 
off-site prior to sampling, increasing efficiency on-site (Horta et al., 2015; Rossel et al., 2008). 
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The research outcomes of this thesis have provided some ground work for the scheme in terms 
of determining sample size, spectral data fusion and site mapping, however more work is 
needed before they can be included into the inference engine.  Suggested work includes the 
development of an adaptive sampling scheme, where samples are collected in numerous 
phases, with locations of the next phase determined by the probability distribution function and 
semivariogram of the previous phase (Marchant and Lark, 2006).  This will allow for more 
efficient sampling, with more samples being collected where variation is greatest.  
To be able to provide a holistic understanding of contamination at a site and associated risks, 
it is important to test for a range of contaminants.  Infrared spectroscopy is able to predict 
petroleum hydrocarbons in the soil well (Ng et al., 2017) and so there is potential for its use in 
spectral library development, on-site analysis and within our data fusion methods.  This would 
allow simultaneous assessment of multiple contaminants. 
 
6.2.2 Further modelling development 
One potential end use of the developed maps of lead and zinc across Sydney is in sampling 
scheme design for studies within the catchment. To be able to utilise the map at smaller 
locations, the prediction intervals need to be small.  The predictions in Chapter 3 were based 
on point support predictions which would have induced broad prediction intervals. An 
alternative is prediction using block kriging, which  rather than estimating at point support, 
predicts based upon a smaller user-defined area, or ‘block’ (Goovaerts, 2001).  Block kriging 
averages predictions within the block area which smooths out shorter range variation and 
artefacts (Goovaerts, 2001).  This is beneficial for smaller studies within the Sydney estuary 
catchment as the presence of artefacts would influence sample design. To predict at a finer 
scale it is worth exploring the potential of block kriging at different spatial supports (Bishop et 
al., 2015).  
In terms of model accuracy, the validation results of the final models developed to predict lead 
and zinc concentrations were good, but not optimal.  The discrepancies were attributed to the 
influence of spatial outliers.  As stated within Chapter 4, it is worth considering more robust 
methods of estimation such as winsorizing (Cicchella et al., 2008; Hawkins and Cressie, 1984; 
Saby et al., 2011) and robust variogram estimation using the Georob package in R (Papritz and 
Schwierz, 2016), which take outliers into account and manage them accordingly. Robust 
methods would help improve model fit, but may miss extreme values and so it may also be 
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worth modelling contaminant components separately (underlying variation, extreme values), 
or taking a copula-based modelling approach (Marchant et al., 2011a; Marchant et al., 2011b).  
In turn these options may help produce better fitting models to predict contaminant distribution 
with greater accuracy and precision.   
As some heavy metal species are correlated, such as lead and zinc (see Chapters 3 and 4), they 
may be used as the response variables within a multivariate linear mixed model to produce a 
model with more coherent predictions between the different contaminants. This may also be 
possible for other correlated contaminants.  
Covariates at times can limit models either by being inconsistent or on too coarse a scale. It is 
therefore worth exploring finer scale covariates. For example, in Chapter 4 there was 
inconsistent land use data which was obtained from government agencies. An alternative to 
this is through the use of Landsat data which has a historical record allowing for change in land 
use to be set as an additional predictor within the model.  Another example is digital elevation 
which is taken at a 30 metre resolution by the Shuttle Radar Topography Mission (SRTM) 
(Geoscience Australia, 2011) which may be too coarse, especially if assessing a smaller 
contaminated site. Light Detection and Ranging (LiDAR) uses laser pulses and reflection to 
measure the distance from its location in orbit, to the surface of the Earth. LiDAR is able to 
provide data at a 2 m spatial resolution and may prove advantageous, however a model is 
required to cancel out built up areas and derive elevation from the data (Priestnall et al., 2000).  
The outcomes of the research presented within this thesis, and suggestions for future work 
indicate that much can be done to improve contaminated site assessment, which is currently 
based on laboratory measurements coupled with classical univariate geostatistics for mapping. 
This thesis has only focussed upon heavy metals, yet there is a wide range of contaminants in 
the world which have the potential to threaten human and environmental health.  Improvement 
in methods and efficiency of contaminated site assessment and ensuring remediated sites are 
monitored effectively is key to ensuring land is safe and secured for future generations.  
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